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Abstract 
THE PREDICTIVE ACCURACY OF FAMILY AND  COMMUNITY DEMOGRAPHIC FACTORS ON THE  2011, 2012, AND 2013 GRADE 6 CONNECTICUT MASTERY TEST   
This study used a correlational, explanatory, longitudinal design with quantitative 
methods to predict the percentage of students who will score at or above Goal.  Archival data 
from Connecticut Mastery Test (CMT) Math and Reading scores from 2011, 2012, and 2013 in 
conjunction with five-year estimates of the U.S. Census data were examined. The study focused 
on 21 out-of-school demographic variables, grouped by family human capital and community 
social capital, to predict the percentage of students in Grade 6 who scored at or above Goal, the 
district level, on the CMT.  The study examined 130 school districts in Connecticut who took the 
CMT in Grades 6 during the 2011, 2012, and 2013 testing cycles. Through simultaneous and 
hierarchical linear regression, between 70.7% and 73.7% of the variance in district, Grade 6 
Math CMT scores were accounted for by out-of-school factors and between 64.6% and 72.7% of 
the variance in district, Grade 6 Reading CMT scores were accounted for by out-of-school 
factors.   Two community variables, families earning under $35,000 per year and percentage of 
individuals 25 and older with a high school diploma, were identified as statistically significant 
predictors for all testing years. Using a predictive algorithm, the percentage of students 
performing at or above Goal on the Grade 6 2011, 2012, and 2013 CMT Mathematics was 
accurately predicted in 72.4% of Connecticut districts and in 68.2% of Connecticut districts in 
Reading. These findings strongly suggest that standardized tests are not assessing student 
achievement; they are more accurately assessing family and community demographic factors.  
This study calls into question the use of federal and state mandated standardized test scores, like 
the CMT, to drive school reform decisions.   
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CHAPTER I 
INTRODUCTION 
Background 
Education reform, sometimes known as school reform, is a longstanding concept within 
the American education system.  Thomas Jefferson initiated reforms to the colonial education 
system and provided a pathway for the development of a unitary public education system 
beginning with the 1785 and 1787 Ordinances.  Reformers such as Horace Mann of 
Massachusetts and Henry Barnard of Connecticut helped to institute policies and practices within 
the early public school system intended to improve the quality of education (Tanner & Tanner, 
2007).  Mann’s and Barnard’s reforms were commonsensical; they observed best practices in 
schools across the Northeast and gave practical suggestions on how school personnel could 
improve teaching and learning (Tanner & Tanner, 2007, p. 7).   
The rhetoric used by some self-proclaimed education reformers in the post-No Child Left 
Behind era continues to advocate for improving and changing public education based on 
corporate principles focused on privatization and quantitative accountability measures (Tienken 
& Olrich, 2013).  Some conclude that in order to achieve these goals, there must be a common 
metric for comparison (Scherer, 2005).  Traditionally, results from standardized tests are used as 
this common measure.  The use of results from standard assessments of academic skills and 
knowledge dates back to Horace Mann in the early 1800s.  Mann used test results to provide 
“objective information about the quality of teaching and learning in urban schools, to monitor the 
quality of instruction, and compare schools and teachers within each school” (Gallagher, 2003, p. 
85).  Mann advocated for this process to measure the effectiveness of the teaching and learning 
in Boston public schools (Edwards, 2006; Gallagher, 2003).    
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Federal, state, and local school officials in the United States use results from 
commercially prepared standardized tests to make determinations about student achievement and 
the quality of teachers, school administrators, individual schools, and school districts (Deke, 
Dragoset, Bogen, & Gill, 2012; Koretz, 2000; Stuart, 2010).  Perceptions about the effectiveness 
of teaching and learning within a school or district are gleaned from student results on state-
mandated standardized tests.  State education officials increasingly use students’ test scores from 
state-mandated standardized tests to make sweeping school reform decisions without taking into 
account other sources of data.  Additionally, in many states, such as Connecticut, teacher 
evaluation systems and teachers’ future employment conditions are now partially tied to student 
performance on standardized tests.  In 2013, the Connecticut State Department of Education 
launched the System for Educator Evaluation and Development (SEED), adapted from the 
Danielson Teaching Framework (2007).  SEED requires that 45% of a teacher’s evaluation use 
student achievement data, including results from the Smarter Balanced Assessment Consortium 
(SBAC) (Connecticut Commission on Educational Achievement, 2012).  
However, researchers are aware that out-of-school factors, including indicators of 
community wealth, education levels, and family structure influence standardized test results 
independent of the quality of teaching (Berliner, 2009; Duncan & Magnuson, 2005; Lubienski & 
Crane, 2010; Taylor, 2005).  Due to the wide-ranging effects of the school reform decision-
making process, as well as the important role student test results play in teacher evaluation, 
rankings, and judgments in some states’ teacher evaluation schemes, school leaders and teachers 
must understand the practical significance of how out-of-school factors influence student test 
scores in order to advocate for appropriate evaluation policies.   
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Focus on Standardized Testing 
The validity of using high-stakes standardized testing results to make important 
judgments about teacher effectiveness are predicated on the notion that the results from high-
quality testing instruments reflect the quality of instruction given by teachers; the results from 
testing are therefore assumed to serve as a reasonable basis for teacher performance evaluation.  
Under this framework, the results identify what students need to learn and what changes in 
teaching need to be implemented to improve schools and help students grow academically 
(Amrein & Berliner, 2002; Hunter & Bartee, 2003).  One of the appeals of test-based 
accountability is an underlying assumption that results from high-stakes testing will provide 
accurate and objective feedback on student performance and will cause administrators, teachers, 
and students to work harder, which will in turn enhance student learning (Raymond & Hanushek, 
2003).   
According to Koretz (2008), of the many complexities entailed by educational testing, the 
most fundamental, and the one that is ultimately the root of so many misunderstandings over test 
scores, is that standardized tests usually do not provide a direct and complete measure of 
educational achievement.  Rather, they are incomplete measures, proxies for the more 
comprehensive measures that we would ideally use but that are generally unavailable to us 
(Koretz, 2008, p. 9) due to time or cost.  Even in light of all this information, state and local 
leaders make important decisions that impact educators, schools, and students daily based on 
“incomplete measures” that are generally flawed.  
What continues to be a major cause for concern is that the large school reform hubs in 
our country serve a disproportionately large percentage of poor children; these hubs include 
Chicago, Illinois; Los Angeles, California; Newark, New Jersey; and Bridgeport, Connecticut.  
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The results from previous studies suggest that students from low socioeconomic status (SES) 
backgrounds with limited access to educational resources generally score lower than middle class 
or wealthy peers (Cowan, Rouder, Blume, & Saults, 2012), as do children who live in 
communities with higher percentages of lone-parent households and significant high school 
dropout rates.  This disparity, students who are successful in school and those who are not, 
further solidifies the notion that an enlarged view of SES that includes community factors and 
family factors continues to be a more reliable predictor of student achievement on standardized 
tests than simply assessing the quality of instruction (Berliner, 2009; Duncan & Magnuson, 
2005; Lubienski & Crane, 2010; Taylor, 2005). 
In recent years, results from a handful of studies suggest that without any prior 
knowledge of a school district, the actual percentage of students who will score at or above the 
Goal metric on state-mandated tests of Math and Reading is reliably predictable through the use 
of demographic indicators related to the social and human capital of the community served by 
the school (Angelillo, 2015; Darnall, 2015; Fox, 2015; Jones, 2008; Maylone, 2002; McCahill, 
2015; Sackey, 2014; Tienken, 2016; Turnamian  & Tienken, 2013).  The results from these 
studies also suggest that out-of-school factors account for more variance in the scores than in-
school factors.  If test scores alone are the only factor used in school reform discussions and 
decision making, schools within communities of limited social and human capital resources will 
not grow sufficiently and improve student performance. 
Statement of the Problem 
 NCLB ushered in the era of high-stakes, state-mandated testing as the primary 
measurement tool for educator accountability (Baker & Johnston, 2010).  Student achievement, 
or lack thereof, as measured by standardized test scores, currently drives school reform with 
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programs like Race To the Top (RTTT) and now the Every Student Succeeds Act (ESSA).  It has 
long been known that student- and community-level demographic factors account for a large 
amount of variance in standardized test results (Sirin, 2005); much work has been done on the 
general influence of demographics on academic output.  It is also well known and 
uncontroversial in the medical community that excessive stress, associated with children living 
in poverty, impacts brain development and learning (National Scientific Council on the 
Developing Child, 2005, 2014).   
However, there is a dearth of empirical, quantitative studies in the post-NCLB and RTTT 
eras on the accuracy of out-of-school factors to predict the percentage of students at the district 
level that will score at Goal or above Goal on their state’s standardized tests.  The ability to 
predict reliably the percentage of students at the school or district level who will score at or 
above Goal level on state tests, without any knowledge of a particular school’s characteristics, 
would potentially call into question the wholesale school reform policy decisions being made 
using only high-stakes standardized tests.  
Purpose of the Study 
 The purpose for this longitudinal study was to explain the accuracy of family and 
community demographic variables found in the 2011 U.S. Census Bureau data estimates to 
predict the percentage of students in Grade 6 who scored at or above Goal at the district level on 
the 2011, 2012, and 2013 Connecticut Mastery Test (CMT) in Mathematics and Reading.  If the 
actual percentage of students who pass the state test can be predicted using only community 
demographic variables, then what value can those results add to the reformulation of 
accountability policies that link test results to educator accountability (currently the sole basis for 
school reform decisions)?  The Coleman Report (1966) and subsequent studies (e.g., Currie, 
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2009; Duncan & Murnane, 2011; Rothstein, 2004) suggest that out-of-school factors influence 
educational outcomes on standardized tests and other measures.  However, education reform 
practices continue to remain almost exclusively test-based in the post-NCLB era (Scherrer, 
2014). 
Research Questions 
The overarching research question guiding this study is the following: How accurately do 
community demographic data predict the actual percentage of students scoring at or above Goal 
at the district level on state-mandated tests in Connecticut? 
 Research Question 1: How accurately do community demographic data predict the 
actual percentage of students scoring at or above Goal at the district level on the CMT in 
Mathematics for Grade 6 in 2011, 2012 and 2013? 
Research Question 2: How accurately do community demographic data predict the 
actual percentage of students scoring at or above Goal at the district level on the CMT in 
Reading for grade 6 in 2011, 2012 and 2013?  
Null Hypotheses 
Null Hypothesis 1: No statistically significant relationship exists between community 
demographic data to predict the actual percentage of students scoring at or above Goal at the 
district level on the CMT in Mathematics for Grade 6 in 2011, 2012, and 2013. 
Null Hypothesis 2: No statistically significant relationship exists between community 
demographic data to predict the actual percentage of students scoring at or above Goal at the 
district level on the CMT in Reading for Grade 6 in 2011, 2012, and 2013.  
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Independent Variables 
Independent variables taken from the 2011 U.S. Census estimates include 21 community 
demographic variables that build on the work of previous research studies (Angelillo, 2015; 
Darnall, 2015; Fox, 2015; Jones, 2008; Maylone, 2002; McCahill, 2015; Sackey, 2014; Tienken, 
2016; Turnamian  & Tienken, 2013).  The variables included the following:  
Family human capital variables, defined as:  
1. Percentage of families making less than $25,000 
2. Percentage of families making less than $35,000 
3. Percentage of families making more than $200,000 
4. Percentage of all parents in the labor force for 6-17 years  
5.  Percentage of families with children under 18 living in poverty for 12 months 
6. Percentage of male-only heads of household, no wife, with children under 18 
7. Percentage of female-only heads of  household, no husband, with children under     
18 
8. Percentage of lone-parent households (total) 
9. Percentage of married families with children under 18 
10. Percentage of female households in poverty 
Community social capital variables, defined as: 
11. Percentage of people employed 
12. Percentage of households making under $25,000 
13. Percentage of households making under $35,000 
14. Percentage of households making more than $200,000 
15. Percentage of the population living in poverty 
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16. Percentage of the population (25 years and older) with less than a Grade 9 
education 
17. Percentage of the population (25 years and older) with no high school diploma 
18. Percentage of the population (25 years and older) with a high school diploma 
19. Percentage of the population (25 years and older) with some college 
20. Percentage of the population (25 years and older) with a bachelor of arts degree 
21. Percentage of the population (25 years and older) with an advanced degree 
The 21-predictor variables, through a correlation matrix, were narrowed to nine 
statistically significant variables.  Field (2009) established an acceptable sample size minimum 
building on the previous work of Green (1991).  Field (2009) stated the following: 
If you want to test the model overall, then he [Green] recommends a minimum sample 
size of 50 + 8k, where k is the number of predictors.  So, with five predictors, you’d need 
a sample size of 50 + 40 = 90.  If you want to test the individual predictors then he 
suggests a minimum sample size of 104 + k, so again taking the example of 5 predictors 
you’d need a sample size of 104 + 5 = 109. (p. 222) 
Utilizing Green’s best practice for determining sample size, 50 + 8(9) = N, or a total of 
122 cases were required.  The sample size is 130 school districts.   These nine predictor variables 
provided enough power to identify an effect size of at least 0.50 at the 95% confidence interval.  
When testing the individual predictor variables, nine also meets the standard acceptable 
minimum sample size for the model, 104 + 9 = 113 (Field, 2009).   
Beginning with 21 out-of-school demographic factors and reducing the number to nine 
through a correlation matrix provided a reliable alternative to capturing the complex nature of the 
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many out-of-school factors influencing Connecticut’s diverse school districts.  The nine predictor 
variables chosen as a result of the correlation matrix were the following: 
Family human capital variables, defined as:  
1. Percentage of families making less than $35,000   2. Percentage of families with children under 18 living in poverty for 12 months   3. Percentage of lone-parent households (total)  4. Percentage of married families with children under 18  5. Percentage of female households in poverty  Community social capital variables, defined as: 
6. Percentage of households making more than $200,000  
7. Percentage of the population living in poverty  
8. Percentage of the population (25 years and older) without a high school diploma  
9. Percentage of the population (25 years and older) with a high school diploma  
Dependent Variables 
The 2011, 2012, and 2013 Reading and Math CMT scores for Grade 6 were downloaded 
from the CT Reports website.  Only the non-regional, non-charter, non-technical school districts 
that reported a minimum of 25 valid scores in 2011, 2012, and 2013 on the Grade 6 CMT in 
Math and Reading were included.  The scores for 2011, 2012, and 2013 had reported at least 25 
valid scores.  The scores from 130 of the 195 available school districts in Connecticut met the 
inclusion criteria for this study, which is approximately 66.7% of all districts.   
The CMT standardized assessment remains the only assessment available in Connecticut 
utilized across the state with multiple years of data for a study such as this.  The stability and 
reliability assessment instrument remains unknown, and the 2015 Connecticut SBAC results, the 
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first year of state-wide implementation, were intended to be used only as a baseline measure 
(Connecticut State Department of Education, 2015).  
Significance of the Study 
Some recent education reform policies, based on the use of results from high-stakes 
standardized tests to drive accountability and a push for higher student achievement, are cloaked 
in the same egalitarian claims of decreasing inequality and inequitable outcomes.  For example, 
the NCLB of 2002, the RTTT Competitive Grant program, and the ESSA all use language that 
links test-based accountability to better outcomes for students (Daggett, Gendron, & Heller, 
2010; Tienken & Olrich, 2013). 
In 2010, the Connecticut State Department of Education adopted the Common Core State 
Standards (CCSS) in English Language Arts (Reading and Writing) and Mathematics.  
Connecticut also adopted a national testing program as part of the Smarter Balanced Assessment 
Consortium (SBAC).  The SBAC was piloted in several school districts throughout the state 
during the 2013-2014 school year, and replaced the CMT in the 2014-2015 school year, although 
the 2015 SBAC data can only be considered a baseline measure (Connecticut State Department 
of Education, 2015).   The SBAC data collected will be used similarly to CMT data to measure 
the proficiency of Connecticut students.  Concurrently, in the 2013-2014 school year, the 
Connecticut State Department of Education launched the statewide System for Educator 
Evaluation and Development (SEED), adapted from the Danielson Teaching Framework (2007).  
SEED requires each teacher and his or her evaluator to agree mutually on the goals and 
indicators of academic growth and development (IAGDs).  Under this teacher evaluation system, 
IAGDs account for 45% of the final evaluation score a teacher receives.  Standardized indicators, 
such as SBAC, are required as evidence for two of the four IAGDs (Connecticut State 
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Department of Education, 2016).  Due to Connecticut’s ESSA waiver for the school years 2014 
through 2016, SBAC data do not need to be included as standardized indictors for teacher 
evaluations.  High-stakes standardized testing has and will continue to play an even larger role in 
Connecticut through the implementation of the CCSS, SBAC, and SEED programs.   
Further changes continue to shape education policy and practice in Connecticut.  
Governor Malloy, in a September 5, 2014, letter to U.S. Secretary of Education Arne Duncan, 
requested that SBAC in Grade 11 be replaced by the Scholastic Assessment Test (SAT) in 
Connecticut schools beginning in 2015.  In his September 5, 2014, press release, Governor 
Malloy stated, “Tests are essential tools that teachers and principals use to inform important 
decisions around student learning and instruction.  However, tests have the potential to 
sometimes be duplicative or outdated.”  Governor Malloy went on to explain that the College 
Board is redesigning the SAT to align with the college and career readiness standards and will 
therefore be the only standardized test administered in Grade 11.  Last, as a cost-saving measure 
and a way to limit the time students spend testing in the classroom, Malloy also cited that 83% of 
Connecticut students took the SAT in 2013, after the state began providing support to 30 of the 
state’s highest-poverty districts.  It is still unknown how exactly the Governor intends to use the 
SAT as an accountability tool for schools and teachers in addition to its function as a college 
entrance exam for Connecticut’s 11th grade students.  
High-stakes standardized testing continues as a driving force of education reform in 
Connecticut.  The ability to predict test results reliably without any information about district 
schools, educators, and students, using only out-of-school community demographic factors may 
cause education leaders to pause and eventually stop using test results to make enormous 
decisions influencing the lives of children. 
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Limitations 
 This study is not experimental by design and therefore cannot determine cause.  The 
fundamental limitation of a correlational design is that it only determines the extent to which 
factors or variables are related; it is unable to determine causality, unlike an experimental design 
with manipulated independent and dependent variables and measured outcomes (Witte & Witte, 
2010). 
The population from which the participants in this study were drawn was 100% of 
students in Grade 6 in the 195 districts in the state of Connecticut who took the Reading and 
Math CMT with at least 25 students enrolled in each grade.  Additionally, the sample was drawn 
from districts whose funding came directly from the town or city in which the school was located 
and that contain students in Grade 6 who took the Reading and Math CMT.  Within the state of 
Connecticut, the 195 school districts are broken up into nine district reference groups (DRG).  
DRGs are labeled “A” through “I” based on decreasing wealth, parental education, parental 
occupation, home language, and family structure.  DRGs are not a unit of organization or 
comparison for this study; however, they are part of the vernacular for educators within 
Connecticut and may be helpful to the reader as a reference point when referring to specific 
school districts by including the DRG assignment.   
To meet the above criteria, the target sample for this study was all school districts in the 
state of Connecticut that were not regional, charter, or technical and had at minimum of 25 
students in Grade 6 taking the 2011, 2012, and 2013 CMT in Reading and Math; in the end, 130 
of the 195 districts were used.  A total of 33.3% of districts did not meet the non-regional, non-
charter, non-technical requirements and the student criteria (n > 25) in Grade 6.  The three years 
of data provided a regression analysis broader in scope. 
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Independent variable data for this study were accessed from the American Community 
Survey (ACS).  Using the U.S. Census Bureau’s American FactFinder, the five-year estimates 
for each of the 21 demographic community variables were used because these estimates are 
obtained using the largest sample size (compared to the one-year and three-year estimates).    
This study intentionally limited the focus to include only out-of-school demographic 
variables to explain the variance in district-level student achievement on the CMT during a three-
year period.  As the literature suggests, these variables will play a large role in influencing 
student achievement as measured by high-stakes standardized tests and were used to predict 
district proficiency accurately. 
Delimitations 
 The data for this study were gathered from two sources.  The Grade 6 CMT data were 
taken from CT Reports website.  Districts, schools, grades, years, and tests were disaggregated 
using the filter features.  The 21 community demographic factors (Angelillo, 2015; Darnall, 
2015; Fox, 2015; Jones, 2008; Maylone, 2002; McCahill, 2015; Sackey, 2014; Tienken, 2012; 
Tienken, 2016; Turnamian  & Tienken, 2013) were retrieved from the U.S. Census Bureau’s 
American FactFinder.  Demographic data from the U.S. Census were analyzed at the town level, 
which is synonymous with district level.    
 The only standardized assessment available in Connecticut as a measure for student 
achievement with multiple years of data is the CMT.  In 2013, the Smarter Balance Assessment 
began to replace the CMT, but pilot scores from 2014 have not been released due to the NCLB 
and RTTT waivers for 2013.   In 2015, the CMT was completely phased out and according to the 
Connecticut State Department of Education, approximately 267,000 students took the Smarter 
Balanced exams in 2015, the first operational year of the new state assessments. Consequently, 
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the stability of the results from the SBAC as an assessment instrument remains unknown.  
Connecticut received the ESSA waiver from the federal government for the school years 2014 
through 2016.  Therefore SBAC data were only piloted in a handful of school districts during the 
2014 testing year; the 2015 testing is intended to serve as a baseline data year as is the 2016 
testing year until the validity and reliability of the SBAC is fully vetted within Connecticut 
(Connecticut State Department of Education, 2015). 
 This study analyzed Connecticut school district data.  The unit of analysis was 
predetermined at the district level, and therefore the findings of this study cannot be attributed 
specifically to individual schools, teachers, or administrators.  Additionally, this study chooses to 
focus on Grade 6, which is decidedly a middle school grade and at a critical time in a student’s 
educational career.  Schools typically tend to address middle school concerns with curriculum 
and classroom adjustments without taking into account the various outside social factors that 
may be at play and potentially impact student behavior and motivation in the classroom.  The 
National Middle School Association (2003) describes the pivotal nature of middle school as a 
time when students mature as learners in the classroom, developing as ethical, democratic 
citizens who are committed to lifelong learning.  It is therefore essential that education policy- 
makers, bureaucrats, and lawmakers be mindful of the unintended impact of high-stakes testing 
on middle school students, particularly in poor urban centers (Fox, 2015).  Zhao (2009) 
addresses this concern, explaining that pressure on students within poor urban centers to raise 
their high-stakes standardized test scores leads schools to prioritize only material that is tested 
and to ignore the more complex aspects of subjects (Zhao, 2009, 2012).  This focus on test 
content ultimately leads to the narrowing of the curriculum for students (Zhao, 2009, 2012).   
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 Grade 6 students have not typically been moved to other schools or into other regional 
settings.  Districts which regionalize high school and Grades 7 and 8 do not choose to regionalize 
their K-6 education.  The Grade 6 stability provides an opportunity to obtain the largest district 
sample size across the state, while focusing on a middle school population that is at risk of being 
impacted by out-of-school factors.  The district sample size if other middle grades were chosen  
drops dramatically to 112 districts due to district regionalization within Connecticut.  Therefore, 
this study chose to focus on Grade 6; the study findings are not generalizable to other grades 
within a district.   
Definition of Terms 
Academic Achievement - This study refers to the academic gains that students in various school 
districts make in Reading and Math as evidenced by their CMT scores. 
Achievement Gap - The difference in academic performance between different ethnic, racial, 
and socioeconomic groups as measured by standardized tests (Hunter & Bartee, 2003; Truscott 
& Truscott, 2005; Weissglass, 2001). 
Adequate Yearly Progress (AYP) - NCLB proficiency standards set by individual states each 
year prior to 2014 to ensure states are on target to achieve 100% student proficiency on state-
mandated standardized testing.  
Community Social Capital – When children grow up in communities with access to positive 
social networks, this has the possibility to increase the chances that children and their families 
will interact with and develop formal and informal relationships with people who have higher 
levels of education, knowledge, experience, or what is also referred to as human capital.  
Students who have access to these social interactions within their communities have the capacity 
to influence student learning and build background knowledge (Tanner & Tanner, 2007; 
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Tienken, 2016).  Individuals who have achieved high levels of education, are financially 
successful, own property, and expose students to their network of contacts provide the 
community social capital currency to students who are learning and enhance their exposure to 
various positive life circumstances out of the classroom. 
Connecticut Mastery Test (CMT) - Statewide high-stakes standardized test administered to 
students in Grades 3 through 8.  The CMT tests students in Mathematics, Reading 
Comprehension, Writing, and Science. 
Family Human Capital – “I view the family in which a child is raised as the initial provider of 
human and social capital and the community in which that family lives as a complementary 
provider of social capital and indirect facilitator of individual, not for distribution, human 
capital” Tienken, 2016, p. 169). 
High-Stakes Testing - “Three conditions must be present for a test or testing program to be 
considered high-stakes: (a) a significant consequence related to individual student's performance, 
(b) the test results must be the basis for the evaluation of quality and success of school districts, 
and (c) the test results must be the basis for the evaluation of quality and success of individual 
teachers” (Tienken & Rodriguez, 2010). 
Human Capital - Refers to the education, knowledge, experience, or skill-set of an individual or 
population viewed in terms of economic value (Fitzsimons, 1999).  Key elements of human 
capital include literacy, numeracy, intrapersonal skills, motivation, learning-to-learn, making 
ethical judgments, interpersonal skills, teamwork, leadership, and the ability to problem solve 
and apply information.  
National Assessment of Educational Progress (NAEP) - “The National Assessment of 
Educational Progress (NAEP) is the largest nationally representative and continuing assessment 
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of what America's students know and can do in various subject areas.  Assessments are 
conducted periodically in Mathematics, Reading, Science, Writing, the Arts, Civics, Economics, 
Geography, U.S. History . . . the assessment stays essentially the same from year to year, with 
only carefully documented changes.  This permits the NAEP to provide a clear picture of student 
academic progress over time” (National Center for Education Statistics, 2011a, 2011b). 
No Child Left Behind (NCLB) - Reauthorization of the Elementary and Secondary Education 
Act signed into law in 2002 by President George W. Bush.   
Partnership for Assessment of Readiness for College and Careers (PARCC) - one of the two 
national testing programs that are aligned with the Common Core State Standards.   
Smarter Balance Assessment Consortium (SBAC) - The second national testing program 
aligned with the Common Core State Standards.   
School Reform (Education Reform) – Strategies implemented with the goals of improving and 
changing public education (Michaelsen, 1977). 
Socioeconomic status (SES) – An economic metric for assessing a student's access to resources.  
Major components of SES are family income, education attainment of parent(s), occupational 
status of parent(s), and general financial health.  In addition, the characteristics of the community 
in which the student resides and school the student attends all play a role in a student's SES 
(Cowan, Rouder, Blume, & Saults, 2012).  
Social Capital – This refers to the economic and/or cultural wealth of social networks for 
individuals and communities.  Key elements of social capital include involvement in community 
and organizational life, public engagement (including voting), volunteering, informal sociability, 
and interpersonal trust.  Social capital is strengthened through investments in families and 
communities (Dasgupta & Serageldin, 2000). 
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Theoretical Framework 
 For the better part of NCLB and now the post-NCLB era, the results of a single 
standardized test was an attempt at providing an accountability tool to increase student 
achievement for all children.  Ecological Systems Theory (EST) challenges this shallow 
approach to assessment proposed initially by NCLB and continued in the later reforms such as 
RTTT and ESSA (Brendrto, 2006).  EST operates on the premise that the only way to an 
accurate understanding of a child is to consider the many circles of influence that the child 
operates within (Brendtro, 2006).  Dr. Bronfenbrenner’s vision for Ecological Systems Theory 
was for it to be used pragmatically to change public policies, particularly in schools, that 
undercut youth development (Bronfenbrenner, 1977).  Bronfenbrenner described what an 
assessment must entail to be deemed a legitimate measure of a child, cognitively or 
psychologically; according to EST, all assessment measures must represent authentic tasks that 
would naturally occur in the day-to-day environment or direct assessments of tasks within the 
child’s environment, based on the type of data the researcher wishes to collect (Burns et al., 
2015).  A single assessment devoid of the authentic and rich interactions in a student’s everyday 
environment, or family and community spheres of influence, is not a complete or valid 
assessment (Bronfenbrenner & Morris, 1988). 
Organization of the Study 
Chapter I introduced the background information on high-stakes, state-mandated testing 
as the primary accountability tool for educators and school reform decisions.  Chapter I 
additionally introduced the problem and research questions, variables, limitations, and 
delimitations for the study. Further in-depth discussion of the research design is addressed in 
Chapter III.  The guiding research question of this study is as follows: How accurately do 
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community demographic data predict the actual percentage of students scoring at or above Goal 
at the district level on state-mandated tests in Connecticut?  Educators have known for years that 
out-of-school factors have and will continue to influence student achievement; however, the 
ability to predict reliably district test scores should give pause to the wholesale school reform 
policy decisions being made using the results of a single, state-mandated test.  
 Chapter II begin with Ecological Systems Theory, as this is the theoretical framework of 
this study.  I focus on a review of past literature, seminal works, legislation, landmark policies, 
and related research.  In addition, this literature review focuses on current research and policies 
pertaining to student academic achievement as measured by high-stakes standardized testing.   
Chapter III describes the study methodology and design.  Additionally, it further details 
the procedure for analyzing the study data, including the selection process for determining 
correlation coefficients for the regression model, using the 21 independent variables from the 
U.S. Census and the percentage of students in Grade 6 who scored at or above Goal on the 
Reading and Math CMT in 2011, 2012, and 2013. 
The results of the study are provided in Chapter IV.  Finally, in Chapter V, I present 
conclusions, recommendations for policy and practice, and recommendations for further 
research. 
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CHAPTER II 
REVIEW OF THE LITERATURE 
Introduction 
This study was designed to explain the accuracy of family and community demographic 
variables found in the 2011 U.S. Census Bureau estimates of data in predicting the percentage of 
students in Grade 6 who scored at or above Goal at the district level on the CMT in Mathematics 
and Reading over multiple years (Angelillo, 2015; Darnall, 2015; Fox, 2015; Jones, 2008; 
Maylone, 2002; McCahill, 2015; Sackey, 2014; Turnamian & Tienken, 2013; Tienken, 2016).  
Current education policy centers on the notion that the use of high-stakes standardized testing to 
measure student achievement is a function of curriculum and instruction delivered by teachers as 
well as the material students have an opportunity to learn (Neil, Guisbond, & Schaeffer, 2004).  
Standardized testing in the post-NCLB era links test results to accountability and has become the 
sole basis for school reform decisions.  If the actual percentage of students who pass the state test 
can be predicted using only community demographic variables, then what value do the test 
results really have as tools of accountability or school improvement?  
This chapter provides a review of the relevant literature examining high-stakes testing 
and out-of-school factors.  The review begins with Ecological Systems Theory (EST), which is 
the theoretical framework which grounds this study and provides insights as to how out-of-
school factors may influence a child’s experience.  The literature review then goes on to discuss 
the seminal works, legislation, landmark studies and policies, related research, and relevant 
history.  In addition, this literature review focuses on current research and policies pertaining to 
student academic achievement as measured by high-stakes standardized testing.  Not 
traditionally included in educational research, medical brain-based research on poverty and toxic 
stress for students and children living in poverty was explored, as the medical and mental health 
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communities have been researching out-of-school factors and the impact on children.  Last, this 
chapter explores the school reform decisions made in post-Katrina New Orleans, providing a 
case study of the largest school reform movement in an urban center.  The New Orleans school 
reformers, focusing solely on curriculum, instruction, and test scores, missed the opportunity to 
support the growth, learning, and healing of children.  Much can be learned from the reform 
process in the aftermath of Hurricane Katrina in New Orleans, which is not dissimilar to the 
situation in many other urban centers across the country.   
The literature review was organized into the following seven sections: (1) Theoretical 
Framework; (2) Jeffersonian Educational Ideal; (3) United States Education Policy; (4) Influence 
of Community Demographic Variables on Test Scores; (5) Adverse Childhood Effects, Learning, 
and the Brain; (6) School Reform in New Orleans, Louisiana: Exemplifies the Existing 
Literature; and (7) Unanswered Questions.  The purpose of this review is to provide historical 
and scientific context for education policymakers and practitioners tasked with the responsibility 
of making school reform decisions that often weigh heavily on the student outcomes measured 
by high-stakes standardized tests.  This review provides critical information pertaining to the 
impact of community demographic variables on high-stakes standardized tests. 
Theoretical Framework 
The theoretical underpinning of this study is grounded in EST (Bronfenbrenner, 1977). 
Bronfenbrenner was a world-renowned child psychologist who pioneered the notion that children 
must be assessed in their natural setting, which includes school, peers, family, and the broader 
community (Bronfenbrenner, 1977).  This study builds on EST by examining the relationship 
between out-of-school factors pertaining to family human capital and community social capital, 
as well as the relationship to student achievement as measured by a single standardized 
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assessment, the CMT.  EST focuses the lens for policy and practice in the post-NCLB era.  
School reform decisions based solely on the scores of isolated assessment instruments, such as 
our state-mandated standardized testing, is what Brendtro (2006) calls pseudoscience.   
The hallmark of EST is that the only way one can gain an accurate understanding of a 
child is by taking into account the child’s ecology, including all major relationships and social 
constructs (home, family, peer group, school, community, culture, etc.) in which the child 
engages (Brendtro, 2006; Bronfenbrenner, 1977; Burns, Warmbold-Brann, & Zaslofsky, 2015).  
Bronfenbrenner and Morris (1988) challenged the notion of a single test to accurately assess a 
child. They identified the necessity for proximal processes, or reciprocal interactions between the 
child and his or her everyday environment (home, school, community), to be included as part of 
every child’s assessment (Burns et al., 2015).  Furthermore, Bronfenbrenner also described the 
nature of assessments that are valid measures of a child, either cognitively or psychologically.  
According to EST, all assessment measures must represent authentic tasks that would naturally 
occur in the day-to-day environment or be direct assessments of tasks within the environment of 
the child, based on the type of data the researcher wishes to collect (Burns et al., 2015).  These 
examples include ratings of parent/guardian and teacher communication, social interactions, self-
reported behavioral difficulties, number of discipline referrals, grades, homework completion, 
and benchmark math and reading assessment scores (Burns et al., 2015). 
While Bronfenbrenner addressed assessment, EST was not intended to be sidelined as  
merely an assessment theory.  EST is a holistic view of human development which focuses on 
context and active participation and interactions in which an individual is influenced 
(Bronfenbrenner, 1979a; 1979b).  Bronfenbrenner described how some youth are disconnected 
and therefore schools become the socializing agents of our communities (Brendtro, 2006).  EST 
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has not permeated those school reform models that seek to address only curriculum and 
instruction bound within a classroom.  “Bronfenbrenner mapped the key circles of influence that 
surround each child” (Brendtro, 2006).  The “dis-ease,” i.e., distress, contrasts with support 
provided by a child’s family, school, and peer group and determines a child’s bio-ecological 
scope and their ability to overcome challenges and manage stress (Bronfenbrenner, 2005). 
EST provides the context and the nuance with which to view assessment and child/human 
development with the complex and influential forces of social and human capital within our 
schools and communities.  World Bank (2011) describes how social capital is cultivated from 
formal and informal relationships and interactions.   Measures of social capital would include 
community educational completion, community engagement and involvement though voting or 
public service, or conversely the inverse measures of community crime statistics, community 
household earnings, and community family breakdown.  On the other hand, human capital refers 
to people’s individual and collective skill sets that allow for increased economic productivity 
(World Bank, 2011).  Students with more exposure to education and the opportunity that 
education provides gain higher levels of social and human capital (Putnam, 2000).  Human 
capital is observable through the soft skills of literacy, numeracy, motivation, leadership, and 
problem solving.  Measuring human capital has the potential to be more elusive when not 
completed on an individual basis.  Examples of human capital measurements might include 
employability and income.  The family may also become the unit of measure as the family, as the 
family contributes a great deal to the various soft skills, thus broadening the measures to family 
income, poverty, and stability of the family unit (i.e., two-parent, or lone-parent home).    
Although Bronfenbrenner did not use the terms social capital and human capital, he did 
introduce two very similar concepts: (1) microsystems, or immediate environments, and (2) 
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exosytems, referring to those environments which children experience vicariously through 
interactions with others in their microsystems (Siegel, 2014).   Primary microsystems might 
include a child’s immediate sphere of influence like home, which I propose to be most 
synonymous with the notion of human family capital.  In contrast, closer to concept of 
community social capital is Bronfenbrenner’s exosystems.  An example of an exosystem 
influence might consist of community culture that influences parenting styles or practices as a 
function of neighborhood residence, which can be impacted by household income and level of 
education (Siegel, 2014).  Children are products of their environments and experiential 
interaction between the human players with these complex social structures.  The social and 
human capital currency plays a unique role, as it contributes to the well-roundedness of students’ 
education, and provides opportunities for learning through building background knowledge and 
transferring enduring understandings to new situations (Tanner & Tanner, 2007).   
EST, practically applied within a school reform context, places the child at the center and 
examines all influential factors that may impact that child within that community.  None of the 
factors examined from the narrow, isolated high-stakes assessments adequately support the 
curriculum paradigm (Tanner & Tanner, 2007) or the social-emotional and school-based 
structures that are necessary for children to thrive.  School reform models that seek only to 
address curriculum and instruction fall short, as they only permeate as deep as the classroom and 
are structural in nature.  The holistic nature of EST aligns to the findings of the Eight Year Study 
(Aikin, 1942), which was conducted 35 years prior to Bronfenbrenner’s (1977) formulation of 
EST.  The Eight Year Study results demonstrated that a cohesive, inclusive, and holistic 
curriculum that meets students’ needs provides a rich opportunity for students to learn, grow, and 
thrive (Aikin, 1942).  For the students participating in the Eight Year Study, the curricular 
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content was connected to the students in the form of authentic, social, problem-solving 
opportunities, which is not vastly dissimilar to what Bronfenbrenner (1977) envisioned as a 
healthy environment for children.  The significant findings from this large-scale, adaptive school 
reform experiment using 30 high schools and 250 colleges should have become the blueprint for 
successful reform (Aikin, 1942).  Sadly, all that was learned from placing the students at the 
center of the curriculum paradigm and providing rich and meaningful opportunities to engage in 
their learning seems to have been lost, since more than 70 years later we continue to have the 
same discussion about how to improve and support student achievement (Aikin, 1942; Tanner & 
Tanner, 2007).  The conclusions and implications learned from the Eight Year Study still do not 
influence many school reform decisions.  Although the Eight Year Study did not specifically 
address the out-of-school factors that impact the brain and learning, it did call attention to the 
need for school communities to refocus their efforts to be more student-centered (Aikin, 1942).  
Jeffersonian Educational Ideal 
The second paragraph of the Declaration of Independence states, “We hold these truths to 
be self-evident, that all Men are created equal, that they are endowed by their Creator with 
certain unalienable Rights, that among these are Life, Liberty, and the Pursuit of Happiness” 
(Representatives of the United States of America, 1776).  For Thomas Jefferson, educational 
opportunities went beyond the requirement of a democratically representative government.  
Education for Jefferson was indispensable in providing each person the ability to grow and work 
towards happiness (Tanner & Tanner, 2007).  Jefferson was instrumental in the creation of the 
public education system.  His goal was to unify a diverse nation and provide its people every 
opportunity afforded by a solid educational foundation (Tienken & Orlich, 2013).  The 
Jeffersonian view of educational equality stood in stark contrast to dual systems of education, 
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like the one found in England, in which the ruling class received elite educational opportunities 
whereas the lower class received a static education as a way to keep the current social structure 
in place (Freire, 2000).  Dual systems of education contributed to Europe’s class system and 
were directly in conflict with how Jefferson viewed equality and the birth of a new nation.  
The public education system was set afloat on its long journey with the Jeffersonian ideal 
“to develop an intelligent citizenry and to provide educational opportunities that guarantee each 
individual the chance for optimal development” (Tanner & Tanner, 2007, p. 4).  Horace Mann, a 
founding father of the school reform movement in the United States, continued to raise the 
question of equality in the early 1800s.  Mann (1848) stated, “Education then, beyond all other 
devices of human origin, is a great equalizer of the conditions of men, the balance wheel of the 
social machinery” (Carter & Welner, 2013, p. 207).  Mann contended that the aim of public 
education should be to decrease social inequality, a principle very similar to the Jeffersonian goal 
of education as a unifying force.   
United States Education Policy 
Sputnik 
Since the time of Horace Mann and the desire to decrease social inequality, the United 
States education policy had limped along working to achieve the Jeffersonian ideal.  As a nation 
much had happened historically; but within this timeframe, following the end of World War II in 
1945, the United States found itself in a Cold War with the Soviet Union and the Eastern Bloc.  
Brown vs. Board of Education (1954) ended segregation in schools and began the Civil Rights 
movement.  The effects of the 1960s and the role the federal government played by enacting two 
major federal educational initiatives cannot be viewed in isolation without taking into account 
the role of Sputnik and the National Defense Education Act (NDEA) of 1958.  These initiatives 
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served as the precursors to future major education policy decisions (Darling-Hammond, Wise, & 
Pease, 1983).  The Russians’ launch of the satellite Sputnik I into orbit called into question the 
quality of schooling in the United States, particularly in math and science (Tienken & Orlich, 
2013; Tienken, 2013).  Sputnik sparked the school reform movement and its ripple effect seen in 
various federal mandates, as well as the drastic shift to test-based accountability.  Russia had 
supposedly beaten the United States into space, and Sputnik was a tangible representation of that 
victory, streaking across the night sky for the entire world to see.  However, America could have 
launched its own satellite earlier but chose not to so as to avoid a third world war over space 
(Tienken & Orlich, 2013).  Although there was no evidence at the time that American schools 
were failing, American education had already lost to Russia in the realm of public perception.   
 Sputnik, referenced even in 2016, continues to be the precipitator of an educational crisis, 
although, in reality, the launching of Sputnik was politically driven from the highest public 
office.  Arne Duncan (2009), when rolling out his RTTT initiative, made an explicit link between 
Sputnik and President Eisenhower’s response to Russia’s superiority with the creation of NASA 
and increased funding to enhance science and math education (Tienken & Orlich, 2013).  
Unfortunately, the declassified memos concerning Sputnik make it very clear that President 
Eisenhower made an intentional political decision not to launch the American satellite Redstone 
into orbit a year earlier in an effort to maintain peace with Russia and allow space to remain an 
international frontier (Goodpaster, 1957a; Tienken & Orlich, 2013).  President Eisenhower 
nonetheless used the Sputnik moment as an opportunity to channel much needed funding into 
education and research.  Eisenhower publically endorsed the myth that the American education 
system was broken to achieve his greater goal of increased funding and support for education. 
The unintended consequence of this decision was the school reform movement (Tienken & 
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Orlich, 2013).  All decisions made after Eisenhower legitimized panic over America’s 
educational inferiority were formed using misrepresented facts.  Therefore, education policy 
reforms were enacted in response to an alternative reality that did not actually exist in the United 
States (Tienken & Orlich, 2013).     
TIERS and NAEP 
Diagnostic, norm-referenced achievement testing in the United States began to take shape 
in the 1960s.  In the years just prior, testing was limited and student scores were used to monitor 
performance within specific schools.  The federal government made two game-changing 
decisions in the 1960s that set the United States on its current course of standardized testing 
(Koretz, 2008).  President Johnson, as part of his “Great Society” legislation, more commonly 
known as the “War on Poverty” enacted the Elementary and Secondary Education Act of 1965 
(ESEA).  ESEA was the education-based component of the Johnson legislation which sought to 
reduce poverty and minimize racial conflict (Carter & Welner, 2013).    In 1965, ESEA 
established and funded the Title I compensatory education program and, for the first time, 
mandated its evaluation.  Congress did not stop there.  The Title I Evaluation and Reporting 
System (TIERS) went further and required student scores on norm-referenced standardized 
achievement tests be used in the evaluation of the Title I program (Koretz, 2008).   
 Unrelated to ESEA and TIERS, but occurring concurrently, the federal government 
established the NAEP, a national standardized assessment (Koretz, 2008).  The NAEP as we 
know it today has evolved from its initial form, but the goal was to gather information about our 
nation as a whole through a representative sampling of students.  Unlike today’s NCLB and 
RTTT, the federally mandated NAEP and TIERS did not impose any consequences on students, 
teachers, administrators, or schools based on student scores (Koretz, 2008).  The NAEP and 
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TIERS “signified the beginning of a fundamental shift in the goals of testing, from diagnosis and 
local evaluation to large-scale monitoring of performance and, ultimately, to test-based 
accountability” (Koretz, 2008, p. 58). 
No Child Left Behind 
Congress passed President Johnson’s Elementary and Secondary Education Act (ESEA) 
in 1965, which was reauthorized and rebranded as NCLB in 2001 (Koretz, 2008).  NCLB 
mandated that states develop a standardized test to assess learning, drastically changing the way 
schools operate (Tanner & Tanner, 2007).  NCLB required states to test all students, 
disaggregate the data into subgroups, and post all results to provide transparency to the 
community (Nichols, Glass, & Berliner, 2006).  These now-mandated standardized test scores 
would be used in a high-stakes manner to evaluate individual students for the purposes of 
placement and retention and to evaluate the quality of schools, school districts, and teachers 
(Tienken & Rodriguez, 2010).  Student scores and their performance on state standardized 
testing would now be used make sweeping decisions about schools, teachers, and students.  
Schools faced serious consequences, typically tied to funding and autonomous decision-making 
ability if students failed to make adequate yearly progress for more than three consecutive years 
(Tanner & Tanner, 2007).  These tests were designed to measure student performance in relation 
to that of other students, rather than to evaluate students on an absolute scale or to extrapolate the 
effectiveness of a teacher or the quality of a school or school district (Bracey, 2006).  
Unfortunately, due to NCLB, scores from a single test were often used to make decisions about 
districts and schools despite the fact that the test was not designed to measure the factors in 
question (Bracey, 2006).  Nor did these tests ultimately help ameliorate the achievement gap: 
“As a group, students who are labeled as economically disadvantaged or poor never score higher 
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on standardized tests than their non-disadvantaged peers in any state on any grade level currently 
tested under NCLB” (Tienken & Zhao, 2013).  The achievement gap, as measured by the scores 
on standardized tests and inequalities observed between schools, had more to do with differences 
in students’ family backgrounds, such as the community factors noted in the Coleman Report 
(Coleman, 1966).    
Common Core State Standards and Race to the Top 
 The federal government continues to dictate education policy.  Some of the requirements 
mandated by NCLB were relieved under President Obama, but the high-stakes testing and 
accountability practices within schools have remained.  The Race to the Top (RTTT) reform 
movement, initiated under President Obama, intended to spark competition and reward creativity 
and documented success through test scores with federal dollars (Towe, 2012).  States are 
eligible for the $330 million RTTT dollars if they adopt the Common Core State Standards 
(Gewertz, 2011).  “To reinforce the intention, the U.S. Department of Education required that ‘a 
state must have already adopted college- and career- ready standards in reading/language arts 
and mathematics’ if a state wished to be relieved of the unrealistic expectations of NCLB” (The 
White House, 2011; Zhao, 2012, p. 25).   
The CCSS Mission statement reads as follows: 
The Common Core State Standards provide a consistent, clear understanding of what 
students are expected to learn, so teachers and parents know what they need to do to help 
them.  The standards are designed to be robust and relevant to the real world, reflecting 
the knowledge and skills that our young people need for success in college and careers.  
With American students fully prepared for the future, our communities will be best 
positioned to compete successfully in the global economy. (Zhao, 2012, p. 26) 
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The CCSS, in order to achieve its ultimate goal of student college and career readiness to 
compete in a global economy, will need to actively address the problems of the American 
education system.  The problems of equity, quality, and efficiency are long standing American 
education concerns (National Governors Association Center for Best Practices & Council of 
Chief State School Officers, 2010; Goertz, 2010; Mathis, 2010; Zhao, 2012).  The estimated cost 
for the national implementation of the CCSS is somewhere in the order 15 billion to 30 billion 
dollars (Rebarber, 2012).  Regrettably, none of the above problems facing our education system 
are likely to be solved, even with an expenditure of this magnitude.  The CCSS provides the 
roadmap of exactly what students must learn and exactly when they should learn it.  The natural 
consequence of this roadmap and testing is a narrowing of the curriculum on two levels (Zhao, 
2012).  First, due to mandated testing, tested subjects are given top priority in relation to time 
and energy.  Non-tested subjects receive less time and attention.  Second, because the curriculum 
must align to the test to ensure the highest possible test scores (Zhao, 2012), only what is 
covered by the test is taught, even within tested areas, narrowing the curriculum still further.  
Influence of Community Demographic Variables on Test Scores 
The Jeffersonian education ideal to decrease social inequality seemed to align with the 
United States social policy agenda once again.  School segregation had long been over and the 
Civil Rights Act of 1964 made discriminatory practices based on race, skin color, national origin, 
and gender illegal and made segregation in public places illegal.  Education policy made the 
ideological shift to standardized test-based accountability and large scale performance 
monitoring.  The long-held debate is to what degree do community demographic variables 
influence student achievement as measured by standardized tests.   
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The Coleman Report 
 The Equality of Educational Opportunity Report, also known as the “Coleman Report” 
(1966), was commissioned by the United States government to determine the educational well-
being of students of color.  This massive, cross-sectional study of 4,000 schools and 600,000 
students was mainly undertaken in response to the Civil Rights Act (Tanner & Tanner, 2007).  
The Coleman Report (1966) called for school desegregation and policies addressing the out-of-
school factors that were negatively influencing student achievement: 
For those children whose family and neighborhood are educationally disadvantaged, it is 
important to replace this family environment as much as possible with an educational 
environment – by starting school at an early age, and by having a school which begins 
very early in the day and ends very late. (Coleman, 1973, p. 95)  
Human and social capital.  Coleman (1966) further addressed the negative academic 
implications of homogeneous schools, particularly in the inner city, which disproportionately 
served economically disadvantaged, minority students.  Coleman (1966) concluded that 
heterogeneous groupings of students from various socioeconomic backgrounds provided the best 
learning opportunities for all students within a school environment (Tanner & Tanner, 2007).  
The social capital gained from heterogeneous groupings of students would positively impact 
student achievement.  Coleman (1988) goes on to explain further that SES is one of the strongest 
indicators of student performance.  Students of high SES have family and community resources 
that enable them to acquire social and human capital in support of their academic achievement.  
Students who have low SES do not have this access to social and human capital resources and 
this negatively impacts their academic performance in the classroom (Coleman, 1988).  
Unfortunately, the Coleman Report’s desegregation message was lost, and the only finding that 
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stuck was that subpar educational opportunities provided by severely under-resourced schools 
were not to blame for students’ underachievement.  As a result, the blame was shifted completely 
to families (Gamoran & Long, 2007; Tanner & Tanner, 2007).  Society concluded that students 
in poverty were not achieving in school because their families could not adequately provide for 
them.  
Jencks (1972): Families are to blame, not schools.  The Coleman Report (1966) 
findings opened the door to looking at the limitations of education and schooling rather than 
potential (Tanner & Tanner, 2007).  Another large landmark study, conducted by Christopher 
Jencks (1972), concluded that “equalizing educational opportunity would do little to make adults 
more equal” (Jencks et al., 1972, p. 255).  Jencks surmised that one of the main determining 
factors of student success is “luck,” defined by the family background and SES into which a 
child is born (Jencks et al., 1972).  In reaching these conclusions, Jencks essentially gave schools 
a free pass because families make the difference and schools, essentially, do not matter (Tanner 
& Tanner, 2007).  Realizing that schools make no difference in the lives of poor students, the 
nation underwent an extended period of reduced expenditures and tax cuts for education (Tanner 
& Tanner, 2007).  Jencks’ conclusions were accepted all too readily by politicians and social 
scientists because the blame for academic underachievement fell squarely on families and not on 
our inadequately resourced public schools.  Initially, there was very little scientific peer review 
of Jencks’ study (Tanner & Tanner, 2007).   
However, soon after Jencks’ research was published, it became clear that the study was 
flawed.  Research studies began to support what common sense dictated and the American public 
already knew: Education makes a significant impact on people’s lives (Tanner & Tanner, 2007; 
Hyman, Wright, & Reed, 1975).  Unfortunately, the damage done by Jencks’ (1972) findings 
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created a lasting impact on public education.  Jenck’s findings, although thoroughly discredited, 
would continue to be cited by tax conservatives well into the 1990s as a ploy to reduce funding 
for inner city education (Purnick, 2001; Tanner & Tanner, 2007, p. 353). 
The Influence of Neighborhoods and Communities on Graduation Rates 
Schools are microcosms of the neighborhoods and communities in which they operate.  
Home and community environments impact students.  Families with limited resources have 
limited options as to where they can afford to live.  The Colman Report (1966) first discussed the 
notion that community factors influence students both positively and negatively.   Wodtke, 
Harding, and Elwert (2011) studied the effect growing up for any period of time in an 
impoverished neighborhood would have on a student’s ability to graduate from high school.  The 
Wodtke, Harding, and Elwert (2011) study worked to capture the full impact of an entire 
childhood lived in an impoverished, disadvantaged neighborhood.  The participants of the study 
were 4,154 children, and the researchers measured the neighborhood settings of each child once 
per year from ages 1 to 17.  The measurements from each neighborhood were gathered from U.S. 
Census data and the statistics on high school graduation rates from NCLB reporting.  The 
researchers determined that neighborhood disadvantage was based on the following markers: 
poverty, unemployment, welfare receipt, female-headed households, education, and occupational 
structure.  Not surprising to many educators, Wodtke, Harding, and Elwert (2011) found that 
prolonged exposure to disadvantaged neighborhoods has a severe impact on high school 
graduation rates.  They estimate that Black students growing up in the most disadvantaged 
neighborhoods have a 76% to 96% probability of not graduating from high school and non-Black 
students growing up in the same incredibly disadvantaged neighborhoods have a 87% to 95% 
probability of not graduating from high school.  The irreversible and devastating effects for 
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students presented in this study suggest that community factors influence a student’s ability to be 
successful academically and persist in school (Ginther, Haveman, & Wolfe, 2000; Harding, 
2003).  A weakness of the Wodtke, Harding, and Elwert (2011) study was that it was unable to 
control for the indirect effects of other neighborhood and school factors on the family.  However, 
the results indicate poverty within a community influences students and has destructive, cyclical 
consequences.   
High-Stakes Testing 
 One of the advertised purposes of high-stakes testing was to increase teacher and 
administrator accountability, ultimately improving academic achievement (Amrein & Berliner, 
2002; Hunter & Bartee, 2003).  This strategy represents a business model approach to education 
(Marzano, 2011).  Researchers disagree over whether student academic achievement has 
changed positively or negatively due to high-stakes testing policies.  Amrein and Berliner 
(2002), and Rosenshine (2003) conducted the most notable studies to answer the student 
achievement and high-stakes testing questions.  
 The Amrein and Berliner (2002) study analyzed Reading and Math NAEP scores for 
students in Grades 4 and 8 in comparison to achievement trends between states across the 
country that both did and did not utilize standardized tests.  According to their analysis, NAEP 
scores in Reading and Math for students in Grades 4 and 8 increased and decreased randomly 
after individual states adopted high-stakes standardized testing policies (Amrein & Berliner, 
2002).  Amrein and Berliner (2002) concluded that there were no consistent academic effects 
attributable to the implementation of high-stakes testing policy within states. However, 
Rosenshine (2003) added a dissenting voice to Amrein and Berliner (2002), disputing their 
earlier findings and discussing flaws in their research design and methodology.  Rosenshine 
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(2003) described the main weakness of the Amrein and Berliner (2002) study as the lack of a 
control group.  Rosenshine (2003) found that average NAEP Math and Reading scores did 
increase in states with standardized test policies as compared to the control group of states 
without standardized test policies.  It is important to note that despite this, Rosenshine (2003) 
concluded that the positive effects of high-stakes testing policies were not universally 
experienced by all states (Berliner, Glass, & Nichols, 2005).  Rosenshine (2003) is in stark 
opposition to Amrein and Berliner (2002), even though neither study demonstrated a consistent 
effect (Berliner et al., 2005).  
 The business model approach to education could not be unilaterally confirmed that it 
actually made any impact even with increased accountability (Amrein & Berliner, 2002; Hunter 
& Bartee, 2003; Marzano, 2011; Rosenshine, 2003).   These results highlight that high-stakes 
testing, as an accountability tool, does not impact student test scores.  Teachers and 
administrators’ work effort remains consistent even after the implementation of the 
accountability policies.  This further calls into question if the NAEP, like other state mandated 
standardized tests, accurately measures student achievement and not some other student factor.   
Incentivizing Test Results   
Hout, Elliott, and Frueh (2012) studied the impact of incentives for students, teachers, 
and schools on student test scores.  NCLB and RTTT initiatives have been plagued by harsh 
penalties and a punishment culture over the need to improve student test scores.  Hout et al. 
(2012) was interested in the far-reaching effects of the punishment culture and wanted to study 
the impact of rewards in the post-NCLB environment.  Hout et al. (2012) found the following 
results: the effect size seen when teachers in the United States received cash for positive 
performance was very small, and in one case negative, 0.04, -0.02, and 0.01 (Hout et al., 2012, p. 
37  
  
34).  When American students were offered cash rewards, the effect size was slightly larger at 
0.01 and 0.06 (Hout et al., 2012, p. 34), but still very small and not worth spending money on.  
The major finding of this study was that incentives do not have a significant impact on student 
test scores.  In fact, when teachers received cash incentives, they taught to the test and 
contributed to the narrowing of the curriculum (Hout et al., 2012).  These findings may cause 
education policymakers to pause and reevaluate the effectiveness of punishment/sanction 
measures that mimic teachers’ receiving the financial incentives to secure their job and salary.   
Community and Family Demographics and High-Stakes Assessment 
School reform is always in the forefront of educators’ minds as they seek to improve the 
quality of education they provide.  Each school year, school leaders set measurable academic and 
instructional goals with student achievement in mind.  The quality of the academic programming 
within a school can be determined by which programs meet the academic goals and which 
programs fall short.  Strategic decisions based on data are then made to change policies in order 
to improve the academic program delivered to students (Koretz, 2008).  The objective nature of 
state-mandated high-stakes standardized test scores are typically part of academic program 
evaluation (Koretz, 2008).  As Tanner and Tanner (2007) explained, NCLB changed the way 
schools operate and left school leaders blindly scrambling for ways to improve test scores.  
Other factors, such as the educational attainment and educational goals of parents, have a 
great impact on students’ performance.  Separating the impact of school quality from the 
powerful effects of the many out-of-school influences on achievement is a very difficult 
task, and it can’t be done with data typically available to school systems. (Koretz, 2008, 
p. 326). 
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School leaders are aware that out-of-school factors may heavily influence student achievement.  
Much of the policy made within schools to address school-specific structures, like the teacher 
accountability tied to testing, creates the illusion that students shed all of their home life 
influences at the school door each day and pick them up again on their way home (Jensen, 2009).   
Hertert and Teague (2003) reported that “poverty is the single best explanation research 
has found for why children differ in ways that affect school performance, both before they enter 
school and once they are enrolled” (p. 5).  Research has already established that students with 
low socioeconomic backgrounds are not only economically disadvantaged but also 
“educationally disadvantaged” (Jennings, 2000; Lee & Burkam, 2002).  As the number of 
children living in poverty increases, schools assume a growing responsibility to educate students 
whose foundation for school success is waning (Neil, Guisbond, & Schaeffer, 2004).  The 
inequitable funding of public schools through property taxes perpetuates the cycle of poverty 
(Sirin, 2005).  The system is currently set up so that students from lower income families will 
likely attend a school that is resource-poor compared to that of their more affluent peers.   
Access to community resources and student achievement.  Sirin (2005) conducted a 
meta-analysis of 74 independent studies published between 1990 and 2000 and concluded there 
is a medium to strong relationship between the level of school and community resources to 
which a student has access and his or her academic achievement.  Sirin’s (2005) most 
troublesome finding, albeit one that has garnered little attention from education policymakers, is 
that the average effect size difference in achievement resulting from poverty was found to be 
rather sizable at 0.28.  In under-resourced schools with poverty, effect size more than doubles to 
0.60 (Tienken, 2012).  Sirin’s (2005) work replicated White’s (1982) meta-analysis with the goal 
of determining if the correlation between SES and achievement had changed.  In comparison to 
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White’s (1982) findings, Sirin (2005) noted a decrease in the strength of the relationship between 
SES factors and student achievement.  Due to the multi-dimensional nature of SES and school 
affluence, free or reduced lunch data turns out not to be the best predictor of family or local 
community SES (Haveman & Wolfe, 1995; Sirin, 2005). 
The ever-widening income and achievement gap.  Building on the foundational 
research of Coleman (1966), Reardon (2011) investigated the relationship between family SES 
and student academic achievement because this relationship might have changed since the 
Coleman Report (1966).  Using data from the National Center for Education Statistics (NCES), 
Reardon (2011) investigated the widening income gap between families from high and low SES 
levels and the achievement gap of their children as measured by the NAEP.  Reardon’s (2011) 
findings show that for children born in 2001, the income gap created a 30% to 40% larger 
discrepancy in achievement than if these students had been born 25 years earlier.    
The results of several studies linked state-mandated standardized test results to various 
complex measures of out-of-school factors.  Blau (1999) used various standardized assessments 
to study the effect of parental income on students’ social, emotional, and cognitive abilities.  
Blau (1999) concluded that child development was impacted by family income.  This is 
consistent with current neurological research on how chronic poverty impacts the structural 
features of the brain (Noble et al., 2015).  
High school graduation and lone-parent living in poverty. According to Koretz 
(2008), schooling is not the only influence on student test scores, and therefore the quality of a 
school cannot be determined by looking at test scores alone.  Maylone (2002) found that students 
living in poverty with a lone parent who is not a high school graduate provided a clearer picture 
of the complexity of SES.  Maylone (2002) analyzed the predictive validity of district socio-
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economic data correlated with high-stakes standardized assessment data with out-of-school 
demographic factors from the U.S. Census.  Maylone (2002) accounted for 60% of the variation 
in high school average test scores among Michigan school districts.  
Relationship between in- and out-of-school factors.  Jones (2008) uncovered a strong 
relationship between out-of-school factors and students’ performance on the New Jersey High 
School Proficiency Assessment (HSPA).  The study findings included that just nine variables 
accounted for slightly less than 90% of the variability in test scores.  The variables in Jones’ 
(2008) study included the following: (1) average score on SAT mathematics section, (2) student 
mobility rate, (3) student attendance, (4) total comparative cost per pupil, (5) median faculty 
experience, (6) number of students per administrator in the district, (7) median administrator 
salary, (8) percentage of students with disabilities and corresponding individual education plans, 
(9) percentage of graduates who have other plans post-graduation.  The Jones (2008) findings 
support the Sirin (2005) findings, among others, that a relationship exists between some out-of-
school social variables and student performance on high-stakes assessments. 
Lone-parent households, families in poverty, parents with degrees.  Turnamian 
conducted a study in 2012 to determine the variance that could be explained by out-of-school 
factors for students who scored at or above Proficient on the New Jersey Grade 3 Math and 
Language Arts high-stakes assessment (New Jersey Assessment of Skills and Knowledge 2009).  
In this study, 40% of the variance in Math and 54% in Language Arts could be explained by 
three out-of-school factors: percentage of lone-parent households, percentage of economically 
disadvantaged families, and percentage of households with parents holding a bachelor of arts 
degree.  It is important to note that in the findings of this study, district test scores were reliably 
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predicted within a 10 point standard error margin in 262 out of 439 of the districts, utilizing only 
demographic community factors (Turnamian, 2012).  
Family income, family education, and marriage.  Sackey (2014) conducted a similar 
study to Turnamian’s (2012) in Connecticut using 2010 CMT scores for Grades 3 through 8.  
Sackey (2014), like Turnamian  (2012), studied the predictive power of 15 U.S. Census data 
markers on the percentage of students in a Connecticut school district who would score at or 
above Goal on the 2010 CMT.  This study was the first of its kind in Connecticut.  Sackey’s 
(2014) findings included that the out-of-school predictor variables below accounted for the 
following:  
67% of the variance in Grade 3 Math scores 
  Percentage of the population 25 and older without a high school diploma 
  Percentage of the population with children under 18 making $35,000 or less 
  Percentage of the population 25 or older with a bachelor of arts degree 
72% of the variance in Grade 3 ELA scores 
  Percentage of the population 25 and older without a high school diploma 
  Percentage of the population in population living below the poverty level with 
children under 18 
  Percentage of the population married with children under 18 
67% of the variance in Grade 4 Math scores 
  Percentage of the population 25 and older without a high school diploma 
  Percentage of the population with children under 18 making $35,000 or less 
  Percentage of the population 25 or older with an advanced degree 
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70% of the variance in Grade 4 ELA scores 
  Percentage of the population with children under 18 making $35,000 or less 
  Percentage of the population 25 or older with an advanced degree 
73% of the variance in Grade 5 Math scores 
  Percentage of the population 25 and older without a high school diploma 
  Percentage of the population with children under 18 making $35,000 or less 
  Percentage of the population married with children under 18 
79% of the variance in Grade 5 ELA scores 
  Percentage of the population 25 and older without a high school diploma 
  Percentage of the population living below the poverty level with children  
under 18 
  Percentage of the population married with children under 18 
  Percentage of the population 25 or older with an advanced degree 
68% of the variance in Grade 6 Math scores 
  Percentage of the population 25 and older without a high school diploma 
  Percentage of the population living below the poverty level with children  
under18 
  Percentage of the population married with children under 18 
75% of the variance in Grade 6 ELA scores 
  Percentage of the population with children under 18 making $35,000 or less 
  Percentage of the population married with children under 18 
  Percentage of the population 25 and older without a high school diploma 
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74% of the variance in Grade 7 Math scores 
  Percentage of the population with children under 18 making $35,000 or less 
  Percentage of the population 25 and older without a high school diploma 
  Percentage of the population with a female head of household without a male 
  Percentage of the population married with children under 18 
74% of the variance in Grade 7 ELA scores 
  Percentage of the population living below the poverty level with children  
under18 
  Percentage of the population 25 and older without a high school diploma 
  Percentage of the population married with children under 18 
78% of the variance in Grade 8 Math scores 
  Percentage of the population 25 and older without a high school diploma 
 Percentage of the population living below the poverty level with children     
under 18 
  Percentage of the population married with children under 18 
  Percentage of the population with a male head of household without a female 
77% of the variance in Grade 8 ELA scores 
  Percentage of the population with children under 18 making $35,000 or less 
  Percentage of the population 25 and older without a high school diploma 
  Percentage of the population married with children under 18 
  Percentage of the population with a male head of household without a female 
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Additionally, Sackey (2014) reliably predicted the percentage of students scoring at or 
above Goal on the 2010 CMT without any information about the school districts, schools, or 
children, and using only U.S. Census data:  
 Grade 3 Math CMT: 100 districts predicted correctly out of 139 = 72% accuracy 
 Grade 3 ELA CMT: 97 districts predicted correctly out of 139 = 70% accuracy 
 Grade 4 Math CMT: 95 districts predicted correctly out of 139 = 68% accuracy 
 Grade 4 ELA CMT: 106 districts predicted correctly out of 139 = 76% accuracy 
 Grade 5 Math CMT: 103 districts predicted correctly out of 139 = 74% accuracy 
 Grade 5 ELA CMT: 106 districts predicted correctly out of 139 = 76% accuracy 
 Grade 6 Math CMT: 80 districts predicted correctly out of 114 = 70% accuracy 
 Grade 6 ELA CMT: 86 districts predicted correctly out of 114 = 75% accuracy 
 Grade 7 Math CMT: 84 districts predicted correctly out of 114 = 74% accuracy 
 Grade 7 ELA CMT: 81 districts predicted correctly out of 114 = 71% accuracy 
 Grade 8 Math CMT: 80 districts predicted correctly out of 114 = 70% accuracy 
 Grade 8 ELA CMT: 85 districts predicted correctly out of 114 = 75% accuracy 
Of the variables that were included, the statistically significant models were the 
following: male head of household with no female, female head of household with no husband, 
percentage of the population 25 and older with a bachelor of arts degree, and percentage of the 
population 25 and older without a high school diploma.  Additionally, within the model, some 
variables became predictive when combined with others.  The identity of these variables changed 
with the discipline being tested.  For Math, these variables included the following: percentage of 
the population making $35,000 or less, the percentage of the population 25 and older without a 
high school diploma, the percentage of the population with female head of household with no 
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husband, and percentage of married families with children under 18.  For ELA, the variables 
included the following: percentage of the population making $35,000 or less and percentage of 
the population 25 and older with an advanced degree.  Sackey (2014) also found that in 
Connecticut the variable that was consistent across both Math and ELA tests as a strong 
predictor was percentage of the population making $35,000 or less.  These results suggest that 
level of parental education, single-parent households, and income are the demographic out-of-
school factors that best predict the percentage of district students scoring at or above Goal on the 
2010 CMT for Grades 3 through 8.  Sackey’s research corroborates the findings of previous 
studies using data from New Jersey and Michigan (Maylone, 2002; Jones, 2008; Sirin, 2005; 
Tienken, 2016; Turnamian  & Tienken, 2013) and further demonstrates that out-of-school factors 
greatly impacted student scores on the 2010 CMT.   
 Parental employment, income, and education.  Building on the work of Turnamian  
(2012), three additional studies in New Jersey have recently been published (Angelillo, 2015; 
Darnall, 2015; Fox, 2015; McCahill, 2015) analyzing the influence of family demographic 
factors on district-level standardized test scores in Language Arts and Mathematics for Grades 6, 
7, and 8 on the New Jersey Assessment of Skills and Knowledge (NJ ASK).  For Grade 8 
Language Arts, the three predictor variables identified to be the strongest within the state were 
percentage of the population with no high school diploma, percentage of the population in 
poverty, and employment status (Angelillo, 2015).  These three variables, when analyzed 
together, accurately predicted the percentage of students scoring Proficient or Advanced 
Proficient in 89% of the districts on the Language Arts section of the 2012 NJ ASK 8 (Angelillo, 
2015).  Likewise, the three combined predictor variables also accurately predicted the correct 
percentage of students scoring at or above Proficient in 89.2% of NJ school districts on the 2012 
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NJ ASK (Angelillo, 2015).  The predictor variables for NJ ASK Math 6 scores were percentage 
of the population with no high school diploma, percentage of the population making $25,000 or 
less, and percentage of the population with some college education (McCahill, 2015).  These 
predictor variables accounted for 50% of the NJ ASK Math 6 scores and also accurately 
predicted the correct percentage of students scoring at or above Proficient in 67% of NJ school 
districts on the 2012 NJ ASK (McCahill, 2015).  
NJ ASK Math 7 displayed different community demographic predictors, including 
percentage of the population with a bachelor of arts degree, percentage of the population making 
$200,000 or more, and percentage of the population making $35,000 or less.  These three 
variables combined accurately predicted the percentage of student scoring Proficient or 
Advanced Proficient in 72% of the districts on the Math section of the 2012 NJ ASK 7 and 
accounted for 54% of the variance in scores (McCahill, 2015).  The predictor variables for the 
Language Arts portion of Grade 6 NJ ASK were percentage of households over $200,000, 
percentage of the population with no high school diploma, percentage of families living in 
poverty for 12 months, and female households in poverty.  These predictor variables accounted 
for 64% of the variance in scores and accurately predicted the correct percentage of students 
scoring at or above Proficient in 75% of NJ school districts on the 2012 NJ ASK (Fox, 2015).  
Last, the community demographic predictor variables for the 2012 Grade 7 Language Arts NJ 
ASK scores were percentage of the population living in poverty, percentage of the population 
with a bachelor of arts degree, percentage of households making over $200,000, and percentage 
of female households in poverty (Fox, 2015).  These out-of-school factors accounted for 66% of 
the variance within test scores on the NJ ASK Language Arts 7 and accurately predicted the 
correct percentage of students scoring at or above Proficient in 75% of NJ school districts while 
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controlling for teacher mobility and level of education (Fox, 2015).  Angelillo, (2015), Fox 
(2015), and McCahill (2015) all reached similar conclusions to those of Turnamian (2012) and 
Turnamian  & Tienken (2013) in New Jersey; they extended the work of Jones (2008) by 
examining how community demographic factors impact student achievement as assessed by 
high-stakes standardized test scores.  The significant and accurate predictive nature of the 
community demographic factors in determining percentage of proficiency within a school district 
may cause school leaders to reconsider an education policy that uses high-stakes standardized 
testing data to inform any school reform decisions. 
The interrelatedness of various factors correlating to SES may cause some researchers to 
separate the economic and social factors of SES and focus on each of these two categories 
individually (Braveman et al., 2005).  Nevertheless, composite SES measures, which include 
family income, parental education, neighborhood education, and SES have all been found to 
predict differences in academic achievement (Maylone, 2002; Jones, 2008; Sirin, 2005; 
Turnamian  & Tienken, 2013; Sackey, 2014; McCahill, 2015; Fox, 2015; Tienken, 2016).  This 
finding strongly corroborates the idea that SES relates to developmental outcomes regardless of 
whether we separate the composite economic and social factors. 
Family Structure and Student Achievement 
 Family structure.  In the Tienken, Tramaglini, Lynch, and Turnamian (2013) study, the 
percentage of lone-parent households, the level of parental education, and household income 
were the three predictor variables for 2009 Grades 6 and 7 NJ ASK Language Arts and Math 
scores.  These predictor variables accounted for 67% of the variance in district-wide Grade 6 
Language Arts scores and 52% of the Grade 6 Mathematics scores.  In Grade 7, the predictor 
variables accounted for 55% of the Language Arts scores and 45% of the Math scores.  The 
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authors suggested that family structure, level of educational attainment by parents, and 
household income seem to be consistent with Jeynes’ (2005) findings that family structure is a 
predictor of students’ academic achievement, as measured by standardized assessments.  
Tienken, Tramaglini, Lynch, and Turnamian (2013) went one step further and created a 
predictive statistical model.  They did not initially set out to study the predictor variables of 
family structure as having major correlational relevance.  However, three variables (percentage 
of lone-parent households, level of parental education, and household income) emerged from the 
other human and social capital predictor variables from U.S. Census data due to their statistical 
significance within the model.   
 There have been various studies undertaken to determine the relationship between family 
structure and student achievement (Downey, 1994; Pong, Dronkers, & Hampden-Thomson, 
2003; Fram, Miller-Cribbs, & Van Horn, 2007).  Home life and family structure play an 
important role in the life of a child and, unfortunately, children have little control over these 
factors (Felitti et al., 1998).   
 Lone-parent households.  Downey (1994) focused on lone-parent households and the 
educational attainment for boys who were raised by single men in contrast to single women.  
Downey (1994) concluded that boys raised by a lone male parent attended one year less school 
on average, whereas boys raised by a lone female parent attend only a half year less school than 
the rest of their cohort.  Notably, Downey found that single fathers’ children outperformed single 
mothers’ children on standardized tests but did not outperform married fathers’ children.  
Although the boys of single male fathers scored higher on standardized test scores, they tended 
to attain less education overall than the boys of single mothers (Downey, 1994).  Downey (1994) 
also concluded that time was a limiting resource for lone parents, constraining their ability to be 
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involved in their children’s school activities and friends.  This lack of involvement may have 
contributed or, at the very least, played a role in the lives of students raised by single parents who 
were derailed in their educational initiatives (Downey, 1994).  However, Downey did not note 
that single male parents were much more capable of raising children alone in the mid-1990’s 
than they were 30 years ago, based on research conducted prior to the study.  Fathers have 
become more engaged with child-rearing and their children’s schooling; they are working to 
become more on par with mothers on providing interpersonal resources (Downey, 1994).   
 Downey (1994) concluded that economic deprivation was the principal reason why 
children raised by single mothers performed poorly on standardized tests relative to children 
raised in two-parent homes.  Downey (1994) explained that the family structure had less to do 
with academic deficiencies than with the reality that many single female parents were living in 
poverty, which was the real root cause of their children’s underperformance.  The economic 
deprivation of single mothers did not hold true for single fathers, who had access to high wage 
jobs (Downey, 1994).   
 Family structure and educational outcomes.  Family structure continues to be an 
important variable for educators to consider because students do not shed their home lives at the 
school door.  The percentage of single- or lone-parent homes in the United States continues to 
rise.  According to the U.S. Census data in 2010, the number of children living in lone-parent 
households has nearly doubled since 1960 (U.S. Census, 2011).  Although not all research has 
concluded that lone-parent homes have universally negative consequences for children (Amato, 
1987; Olsen & Haynes, 1993; Richards & Schmiege, 1993; Shaw, 1991), the overwhelming 
majority of studies have reported definite harm:   
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More specifically, family structure has been linked to differences in educational 
outcomes (Amato & Keith, 1991a, 1991b; Beller & Chung, 1992; Biblarz & Gottainer, 
2000; Downey, 1994; Furstenberg & Teitler, 1994; Hampden-Thompson, 2009; 
McLanahan, 1985; McLanahan & Sandefur, 1994; Pong & Ju, 2000; Sandefur et al., 
1992; Shriner et al., 2010; Zill et al., 1993; Zimilies & Lee, 1991).  Significant 
differences have been noted between children from single-parent families and two-parent 
homes across a variety of educational outcomes, including high school dropout rates, the 
attainment of a high school diploma or General Equivalency Diploma (GED), college 
attendance, years of schooling, performance on standardized achievement tests, reading 
literacy and grade-point average (Hampden-Thompson, 2013, pp. 804-805). 
Later in this chapter, Adverse Childhood Experience is discussed in detail.  However, it is 
important to note now that, according to Felitti et al. (1998), instances in which children are 
raised in a single-parent home due to parental separation for any number of reasons is considered 
to be an Adverse Childhood Experience (ACE).  When combined with other ACE factors, this 
separation may have a lasting impact on the health and well-being of children. 
 Community supports for single parents and their children.  Pong, Dronkers, and 
Hampden-Thompson (2003) investigated the impact of community support systems available for 
single parents and their children.  These researchers investigated how the relationship between 
single parents and their children’s academic achievement was influenced by the community 
support systems available (Pong, Dronkers, & Hampden-Thompson, 2003).  The hypothesis was 
that community support systems would act as a social safety net for single parents.  The study 
analyzed Trends in International Math and Science Study (TIMSS) data from 11 nationally 
representative samples of student scores and their self-reported living arrangements, and the 
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researchers gathered data on the community support systems and welfare policies.  The 
conclusions of the study revealed that targeted community welfare policies aimed at supporting 
single-parent homes narrowed the achievement gap between students from single-parent homes 
and those from two-parent homes (Pong, Dronkers, & Hampden-Thompson, 2003).  Unlike 
Downey (1994), Dronkers, & Hampden-Thompson, (2003) never made a distinction between 
lone-male-parent households and lone-female-parent households.  Without disaggregating the 
data in this manner, the strength of the association between family policy and achievement gap 
may be overstated if a single-gender-parent household dominates (McCahill, 2015). 
Parental Education and Student Achievement 
 Parental education can influence beliefs about student achievement and have some 
bearing on their behaviors related to education (Davis-Kean & Sexton, 2009).  Parental 
education tends to support the notion that higher levels of education within a family structure 
increases the social capital for the children within the home, thereby influencing levels of student 
achievement (Guryan, Hurst, & Kearney, 2008).  Later within this chapter, the topic of 
neurological differences between children based on level of parental educational attainment is 
discussed in greater detail.  However, it is important to note that biological markers suggesting a 
difference have been observed in the brains of children in the United States (Noble et al., 2015).  
Research, including neurological research, suggests that parental income and education are 
somewhat tied.  Both factors are positively correlated with higher student achievement due to the 
influences of a stimulating and academically focused home life (Duncan & Brooks-Gunn, 1997; 
Fox, Platz, & Bentley, 1995; McLeod & Shanahan, 1993; Noble et al., 2015).  Not all 
researchers agree, however, on which has a stronger influence on child development and 
achievement: parental educational attainment or family income.    
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Family income as a function of parental education.  Duncan and Brooks-Gunn (1997) 
concluded that family income significantly impacts childhood outcomes, but only within the first 
several years of life.  They also noted that the effect size of family income decreased over a 
child’s life, causing no observable impact in adolescence.  Conversely, the impacts of parental 
educational attainment are observed continuously throughout childhood and adolescence 
(Duncan & Brooks-Gunn, 1997).  Davis-Keane (2005) supports these earlier findings, reporting 
that the effect size of parental educational attainment was very strong on children 8 to 12 years 
old.  Parental education influenced student achievement, parental beliefs, and parental behaviors, 
although family income was not found to be a significant predictor variable (Davis-Keane, 
2005). 
Child educational attainment as a function of parental education.  Davis-Keane & 
Sexton (2009), building upon the prior work of Davis-Keane (2005), took a longitudinal 
approach and focused on kindergarten students, following them through Grade 3.  The study 
sought to examine parents’ educational attainment, academic and educational beliefs, and 
behavior in relation to children’s education along the lines of race and ethnicity.  The major 
finding of the Davis-Keane and Sexton (2009) study was that parental educational attainment 
was a significant predictor variable of a child’s achievement.  Additionally, parental beliefs and 
behaviors in relation to education indirectly correlated to changes in children’s achievement 
between kindergarten and Grade 3 (Davis-Keane & Sexton (2009). 
Parental education increases time and human family capital.  Guryan, Hurst, and 
Kearney (2008) focused on the total time parents spent caring for their children.  The research 
team surveyed a nationally representative sample of 22,693 parents (13,434 of whom were 
women) between the ages of 21 and 55 who had at least one child under the age of 18.  The 
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survey asked respondents to report total numbers of hours they spent caring for their children.  
They found that highly educated parents who had earned more than a college degree spent much 
more time in primarily child-care activities than parents who had less than a high school degree.  
Even highly educated working mothers spent more time with children than working mothers 
without a high school diploma: 79% to 42% (Guryan, Hurst, & Kearney, 2008).  These findings 
suggest that highly educated parents lean toward believing that spending time caring for children 
is positive and worthwhile.  A weakness of this study is that it is difficult to determine whether 
education attainment or parental time spent with children is the stronger predictor variable.  
Regardless of which is the leading predictor variable, the family human capital currency of time 
and attention passed on from parents to their children allows for the intentional education and 
development of the whole child within their primary microsystem or immediate sphere of 
influence (Siegel, 2014; Tienken, 2016).   
Adverse Childhood Effects, Learning, and the Brain 
Eric Jensen (2009), in his book Teaching With Poverty in Mind, defines poverty as “a 
chronic and debilitating condition that results from multiple adverse synergistic risk factors and 
affects the mind, body, and soul” (Jensen, 2009, p.6).  The body of literature connecting SES 
throughout childhood to a vast array of outcomes, including academic achievement, cognitive 
ability, and physical and mental health, is extensive (Adler & Rehkopf, 2008; Gottfried, 
Gottfried, Bathurst, Guerin, & Parramore, 2003; Merikangas et al., 2010; Shanahan, Copeland, 
Costello, & Angold, 2008; Sirin, 2005).  Traditionally, the academic, mental health, and medical 
communities have not communicated among themselves on matters as far reaching as poverty or 
student achievement; each discipline tends to conduct its own substantial body of research.  The 
research gap between each discrete discipline (academic, mental health, and medical) is 
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considerable even though each research community offers rich recommendations for policy and 
practice.  Currently, the work of the academic, mental health, and medical research communities 
are segregated and do not inform and support the work of their colleagues outside of each 
discipline’s individual island.  Much can be learned through the sharing of vital research across 
the divide that exists between the academic, mental health, and medical communities.  Complex 
problems require a multipronged study and approach.   
ACE and Toxic Stress 
Felitti et al. (1998) conducted a recent landmark study (ACE Study) in the mental health 
and medical communities.  Felitti and his team surveyed more than 17,000 middle class, 
privately insured, Kaiser Permanente patients.  Felitti was looking for a connection between 
current health problems and childhood experiences.  His survey asked questions pertaining to 
current health and created seven categories of adversity that a child might experience, such as 
sexual, emotional or physical abuse; domestic violence; living with a person who suffers from an 
addiction to drugs or alcohol; living with a family member who suffers from mental illness; 
having parents separated, divorced, or imprisoned; and so on.  Each study participant was 
assigned an adverse childhood experience or ACE score that correlated to the number of 
categories that individual experienced as a child.  The results of the study were remarkable for a 
middle class population: 26% reported experiencing at least one type of adverse experience, 
12.5% reported experiencing four or more, 20% reported being sexually abused, and 28% 
reported being physically abused.  The vast number of adverse childhood experiences for a 
middle class population was striking.   
 ACE results in chronic illnesses.  Felitti et al. (1998) correlated the ACE scores of the 
participants.  As the ACE score rose for individuals, so did the likelihood of having chronic 
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illnesses including asthma, bronchitis, cancer, heart disease, severe obesity, and diabetes.  The 
risks were particularly strong for study participants who had ACE scores of four or more.  These 
adverse childhood experiences are commonplace within communities that are resource poor and 
are a reality for families who struggle financially.  Students growing up in poverty are more 
likely to experience sexual, emotional, or physical abuse, domestic violence, a family member 
who suffers from an addiction to drugs or alcohol, a family member who suffers from mental 
illness, or having parents separated, divorced, or imprisoned  (Jensen, 2009).  In the limited 
number of predictive studies done, the variable of children growing up in lone-parent households 
versus intact families has been a predictor variable in predicting district test scores and accounts 
for significant variance within scores (Angelillo, 2015; Darnall, 2015; Fox, 2015; Jones, 2008; 
Maylone, 2002; McCahill, 2015; Sackey, 2014; Turnamian & Tienken, 2013; Tienken, 2016). 
Family income is also a predictor variable of student scores; how students living in poverty 
manage their exposure and response to the various adverse childhood experiences is still 
unknown.  As many urban educators and administrators can attest to, within a school setting, the 
expression of these adverse experiences appears in a variety of ways.  The coping mechanisms 
range from truancy to behavioral and academic problems (Burke, Hellman, Scott, Weems, & 
Carrion, 2011).  This reality alone may cause school leaders to investigate more thoroughly 
research that has remained segregated to mainly the medical and psychological communities. 
ACE in schools.  In a follow-up study conducted by Burke et al. (2011), children with an 
ACE score of 4 or more were found to be 17 times more likely to have learning or behavior 
problems than those students with an ACE score of zero.  The study included 471 children; 12% 
of the participants (84 children) experienced four or more adverse childhood experiences.  A 
weakness of the Burke et al. (2011) study for the educational community is the inadequate 
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documentation of learning and behavioral problems in the journal article.  The article merely 
stated, “Classification of learning/behavior problems was obtained from a clinical measure 
reported by the pediatrician and was based upon both objective learning data (i.e., low academic 
achievement) and objective behavioral data (i.e., history of violent behavior)” (Burke et al., 
2011).  Therefore, the results, although noteworthy in a medical and mental health context, 
cannot be meaningfully applied in their entirety in an educational context.  However, this study 
does shed light on the notion that students who experience four or more adverse out-of-school 
factors, a number that is completely realistic for children living in poverty, may have difficulty 
learning and focusing in the classroom and may exhibit negative classroom behaviors (Burke et 
al., 2011). 
Toxic stress.  The National Scientific Council on the Developing Child (2005, 2014), in 
its working paper describes toxic stress that shapes a child’s brain when that child is exposed to 
adverse experiences and his or her adult caregivers are not able to shield the child from chronic 
exposure to the ongoing adverse experience.  This causes cortisol levels, a function of the stress 
response, to remain consistently high within the child’s body.  “Sustained activation of the stress 
response system can lead to impairments in learning, memory, and the ability to regulate certain 
stress responses” (National Scientific Council on the Developing Child 2005/2014, p. 3).  
Children growing up in poverty are more susceptible to chronic toxic stress because their adult 
caregiver is also more likely to suffer from chronic toxic stress due to the limited resources and 
support available (National Scientific Council on the Developing Child, 2005, 2014, p. 3).  
Structural Changes to the Learning Center of the Brain 
A growing area of neurological research centers on the neurocognitive systems of the 
prefrontal cortex, which houses the executive function systems of the brain.  The prefrontal 
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cortex is highly plastic and develops extremely slowly throughout childhood and adolescence, 
making it very susceptible to childhood environmental influences, such as living in poverty 
(Casey, Giedd, & Thomas, 2000).  This area of neurological research is particularly promising 
because it is associated with both socioeconomic status and academic achievement (Blair & 
Diamond, 2008; Buckner, Mezzacappa, Enrico, & Beardslee 2009).  This area of research 
provides the direct medical and educational connection between out-of-school factors such as 
family income and parental education and impact on brain size and development.   
The most recent brain studies use functional magnetic resonance imaging (fMRI) to 
define further the structural relationship between socioeconomic status and executive function.  
Schnack et al. (2014) paved the way for connecting SES to executive brain function.  Schnack et 
al. (2014) found a positive correlation between surface area and intelligence in the brains of 
children at age 10.  Surface area refers to the cerebral cortex, or the outer layer of the brain, 
which is the area of the brain responsible for the major functions of voluntary movement, 
thought, language, reasoning, and perception (Reece, 2013).  The cerebral cortex is divided into 
the lobes of the brain known as the frontal, temporal, parietal, and occipital lobes, which contain 
most of the nerve cell bodies and branches (Reece, 2013).  The connection between surface area 
and intelligence create the measurable spatial differences observed on an fMRI scan.  
Brain surface area is correlated to income and parental education.  In May of 2015,  
a study was published by Kimberly Noble, a professor at Teachers College, Columbia 
University, and Columbia’s Medical School, and Elizabeth Sowell, a pediatrician at the 
Children’s Hospital of Los Angeles, California; this study revealed that children growing up in 
poverty have smaller brains than those who grow up in affluence.  Additionally, they revealed 
that parental education also had impact on the surface area of the brain (Noble et al., 2015).  
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Noble’s and Sowell’s team of neuroscientists examined 1,099 fMRI scans of children and 
adolescents (ages 3-20) from major cities around the United States.  The neuroscientists 
correlated their surface area measurements with family income and parental education, 
controlling for genetic factors associated with race and ancestry.  The researchers focused on 
measuring the surface area of the cerebral cortex, which, as discussed above, is responsible for 
the most sophisticated cognitive functions typically assessed on standardized tests, such as 
language, reading, decision-making, and spatial skills.  Noble et al. (2015) concluded that 
children whose parents achieved 15 years or more of schooling (typically a university degree) 
had 3% more cortical surface area than children of parents who had only 12 years or fewer of 
education (typically only a high school education).  (β = 0.141, P = 0.031, F = (22, 1076) = 
31.67, P < 0.001, R2Adjusted = 0.381).  In Noble et al. (2015), family income was statistically 
significant and associated with total surface area of the brain (β = 0.185, P = 0.004, F = (22, 
1076) = 32.44, P < 0.001, R2Adjusted = 0.387).  The researchers also included both parental 
education and family income in the model, and found that only family income accounted for the 
unique variance in surface area of the child and adolescent brains (β = 0.105, P = 0.001, F = (22, 
1076) = 32.52, P < 0.001, R2Adjusted = 0.387).  The most startling finding of Noble et al. (2015) 
was that the brains of children living in households earning less than $25,000 a year had 6% less 
surface area than the brains of students living in house households earning $150,000 or more per 
year.   
Structural connection between poverty and education.  Some education researchers 
have known because of the Coleman Report (1966) that income affects learning.  Now there is a 
structural answer to why poverty can shape student achievement: students living in chronic 
poverty have less surface area for sophisticated cognitive functions (Noble et al., 2015).  This 
59  
  
perhaps may be the medical answer as to why in any state since testing began under NCLB, there 
has been no group of economically disadvantaged students who have outscored their more 
affluent peers (Tienken and Zhao, 2013).  Strong conclusions concerning childhood brain 
development gleaned from Noble et al. (2015) are limited to a cross sectional sample, as it was a 
non-experimental study.  Noble et al. (2015) did not assess the environmental effects of trauma, 
cognitive stimulation, and nutrition.  Trauma screenings may reveal high ACE scores and 
students struggling to manage the toxic stress that accompanies their day to day lives.  The 
researchers were also cautious and emphasized that the surface area of the brain does not 
determine a child’s destiny.  The brain has incredible plasticity and responds to both home and 
school interventions for children facing socioeconomic adversity: 
As such, many leading social scientists and neuroscientists believe that policies 
reducing family poverty may have meaningful effects on children’s brain 
functioning and cognitive development.  By elucidating the structural brain 
differences associated with socioeconomic disparities, we may be better able to 
identify more precise endophenotypic biomarkers to serve as targets for intervention, 
with the ultimate goal of reducing socioeconomic disparities in development and 
achievement. (Noble et al., 2015, p. 778) 
As of 2014, 51% of public school children qualify for free or reduced lunch as part of the 
National School Lunch Program.  These students are living in households making incomes of 
130% to 185% of the poverty threshold, which is a measure determined by the federal 
government (Southern Education Foundation, 2015).  Without knowing anything about the 
quality of the education they will receive, the health community is painfully aware of the 
detrimental impact living in poverty may have on the brain development, health, and overall 
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wellbeing of our children (Burke et al., 2011; Felitti et al., 1998; National Scientific Council on 
the Developing Child 2005/2014; Noble et al., 2015).  The direct relationship between brain 
surface area and family income and parental education that has been established (Noble et al., 
2015).  The further ability to predict standardized test scores utilizing additional out of school 
factors highlights the importance of considering influence of out-of-school factors on 
standardized test scores. 
School Reform in New Orleans, LA, Exemplifies the Existing Literature 
In the post-NCLB era, improving student standardized test results and education reform 
have become two sides of the same coin.  Charter schools, one prominent school reform 
approach, receive little oversight and regulation by the state and local boards of education in 
exchange for student growth and academic achievement as measured by high-stakes standardized 
tests (The Boston Group, 2007; Perry et al., 2015).  In 2015, 92% of New Orleans schools were 
run by charter organizations and effectively monitored only by standardized test scores.  This is 
the largest representation of charter schools within a school district across the country (Perry et 
al., 2015).  The education system in New Orleans, after Katrina, was a clean slate; as the vast 
majority of schools had been flooded and wiped out.  “Since Hurricane Katrina, residents of New 
Orleans have been thrust into one of the most speculative urban education experiments in recent 
U.S. history” (Huff, 2013).  The rest of the country looked to New Orleans, the largest urban 
school reform redesign, for guidance and the implementation of education’s best practices.  New 
Orleans provides an urban center case study where school reform decisions were made using 
standardized test score results due to the reality of a school funding structure.  Similarly in 
Connecticut, the state and local boards of education looking for reform initiatives to improve 
failing schools face similar dilemmas and often use the results of standardized test scores, the 
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CMT and the SBAC, to make these reform decisions.  In New Orleans, a dynamic tension 
between an impoverished community recovering from trauma and tragedy combined with the 
need for school reformers to improve test scores in order to maintain funding.  This conflicting 
tension perpetuated some severe discipline policies to maintain the school’s test score average by 
punishing and ultimately dismissing underperforming students. 
Resources Were Not a Limiting Factor to Reform 
Resources within schools and districts are traditionally limited, but school funding was 
not a limiting factor for the school reform redesign of New Orleans (Perry et al., 2015). The per 
student expenditure in New Orleans prior to Hurricane Katrina was just under $10,000 per pupil.  
After the storm in 2008, with a large portfolio of philanthropic funders and additional 
governmental assistance for districts impacted by the hurricane, per pupil spending within the 
New Orleans Parish increased to $17,000.  This increase in spending was in addition to the $1.8 
billion dollar Federal Emergency Management Agency (FEMA) grant for the rehabilitating and 
rebuilding of schools.  This influx of resources provided the financial capital to support the 
education initiatives for the urban school redesign, launching the entire process off the ground.  
School funding, however, did not stay at the increased $17,000 per pupil spending but reverted 
once buildings were built and school reform initiatives were off the ground.  In 2015, in New 
Orleans, per pupil spending returned to the $11,000 mark, just $1,000 above the pre-Katrina 
spending per student (Perry et al., 2015).  Sadly, even with the influx of all the funding ten years 
later, there is not much to show for it.   
Student Achievement in New Orleans 
Socioeconomic disparities continue to persist for students in New Orleans, even after 
schools received a large influx of funding and grant money for rebuilding.   
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Eighty-five percent of public school students in New Orleans are eligible for free 
and reduced lunch (FRL).  This is the highest percentage of students in poverty in 
any major urban center in the country.  These students are not distributed evenly 
across schools.  The highest performing schools enroll the fewest FRL students.  
The RSD [Recovery School District] schools have a rate of 95% FRL students, 
compared to a rate of 68% for OPSB [Orleans Parish School Board] schools.  The 
four BESE [Board of Elementary and Secondary Education] charter schools enroll 
an average of 56% FRL students, and the fourteen OPSB charter schools (many of 
which are selective admissions) enroll an average of 61% FRL students.  The racial 
compositions of schools are equally lopsided.  The youth population in New 
Orleans is 73% African-American, but because of the high rate of privately 
educated white students, the public school population is 85% African-American. 
(Garda, 2015, p. 628) 
Brand New Schools, Limited Success: What Didn’t Change?   
In 2015, ten years after Hurricane Katrina, there has been celebration among the city’s 
education reformers, who claim victory based on the positive trajectory of students’ standardized 
test results.  According to the Center for Research on Education Outcomes, charter schools have 
had a positive impact on student test scores in New Orleans (Garda, 2015).  The Louisiana 
Department of Education’s Academic Outcomes reports the total percentage of students in New 
Orleans who tested Proficient on all state standardized tests in all grades increased from a pre-
Katrina proficiency percentage of 35% in 2004-05 to 62% in 2013-14.  African American 
students in New Orleans schools have increased 27 percentage points on standardized tests 
between the 2004-05 and 2013-14 academic years and are outperforming their African American 
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peers throughout the state of Louisiana (Data Research Center, 2015; Garda, 2015).  The 
celebration is, however, slightly premature without viewing the results in context.  Sixty-two 
percent proficiency is not a huge cause for celebration, while 38% of district students are not 
proficient. “There was nowhere to go but up.  Pre-Katrina, the New Orleans public school system 
was highly dysfunctional, and student test scores made it the second lowest ranked district in the 
second lowest ranked state in the country” (Harris, 2015).  The focus with every school redesign 
in New Orleans was on curriculum and instruction to improve standardized test scores.   
Although the education system has improved, the reform effort in New Orleans has failed to 
close the achievement and opportunity gap for students living in poverty (Carter & Welner, 
2013).   
Trauma and Severe Discipline 
The extent of the trauma Hurricane Katrina caused and the effects of continuing housing 
instability for many students living in poverty in Louisiana are unknown.  According to the 
Katrina: Five–Year Status Report on Children (2010) published by the Children’s Health Fund 
and The National Center for Disaster Preparedness at Columbia University Mailman School of 
Public Health in 2010, 60% of children who experienced housing instability and were displaced 
into trailer parks and hotels due to Katrina are experiencing serious emotional disturbances and 
behavioral issues.  This represents, at minimum, 20,000 children who are affected (Redlener, 
DeRosa, & Parisi, 2010).  A devastating 52% of parents of children experiencing these 
difficulties felt their children needed professional mental health services but were unable to 
connect their children to professionals due to complications associated with poverty (Redlener, 
DeRosa, & Parisi, 2010).  Parents and guardians were limited by insurance coverage, access to 
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available mental health providers, reliable transportation, and knowledge about where to seek 
mental health services.   
A traumatized community.  Madrid, Grant, & Rosen (2009) argued that the slow 
progress of FEMA and students’ inability to return to a stable, structured environment after the 
hurricane, in addition to the sluggish pace of the recovery, contributed to the high incidences of 
mental health problems, physical health problems, and academic difficulties seen in Katrina 
evacuees.  The toxic stress influencing the community is a reality and continues to be a root 
cause, regardless of which agency or natural disaster is responsible.  The toxic stress and trauma 
experienced by students after Hurricane Katrina still affects students’ ability to learn and 
effectively manage emotions within a school setting.  Enrolling traumatized students suffering 
from post traumatic stress disorder (PTSD) or serious emotional disturbance (SED) who act out 
in school can be perilous for charter school organizations, whose very survival is based on 
student test score results and graduation rates (Garda, 2015).  As a result, many charter schools 
have strict disciplinary policies to address student behavior and, as a result, have low retention 
rates nationally (Garda, 2015).   
Test scores versus funding: The children lose.  Charter schools in New Orleans, as in 
many other cities around the country, have been very severe in their punishment of minor, 
mundane school infractions, such as uniform violations.  The stakes for these charter school 
organizations are too high; they must improve test scores or lose their charter and be shut down 
by the state.  The approach that was chosen in New Orleans was to weed out all disruptive 
students within the school that impede the educational process.  Strict zero tolerance disciplinary 
policies have disproportionately affected minority students who lived through the trauma of 
Katrina and were exhibiting behavioral difficulties in school.   
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The dissatisfaction culminated in students, parents, and advocates filing a complaint 
with the Louisiana Department of Education, the Office of Civil Rights, and the 
Department of Justice in April of 2014, alleging that certain schools are “based on a 
harsh and punitive discipline culture . . . [that] endanger[s] the safety and welfare of 
students, violates students’ rights under state and federal laws [and] push[es] 
students out-of-school for minor infractions . . . .”  Suspension rates in the named 
schools ranged from 38% to 68% (Garda, 2015; p. 640). 
Any school operating with a punitive mindset in an impoverished community that has 
experienced a traumatic event and is coping with ongoing toxic stress will yield the high 
suspension rates seen in New Orleans (Walkley & Cox, 2013).  Trauma responses in students 
will mirror oppositional behavior as it is manifests as the traditional fight, flight, or freeze when 
students are in a classroom setting (Walkley & Cox, 2013).  This situation is a lesson for school 
reform bureaucrats, who must approach school reform in a holistic manner that addresses the 
out-of-school factors that impede student success.  For schools whose very existence and funding 
is tied to standardized-test scores, as a small number of studies have demonstrated, out-of-school 
factors account for a significant amount of variance of district tests (Angelillo, 2015; Darnall, 
2015; Fox, 2015; Jones, 2008; Maylone, 2002; McCahill, 2015; Sackey, 2014; Turnamian & 
Tienken, 2013; Tienken, 2016).  School reform successes, as measured one dimensionally 
through high-stakes testing, is a model which perpetuates severe discipline and low retention 
rates in order to maintain higher test scores and graduation rates and sustain a revenue stream of 
funding. 
 The New Orleans school reform process, even when provided with a clean slate, did not 
achieve all the desired outcomes for the city’s most vulnerable students.  New Orleans 
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continuously reminds educators, bureaucrats, and policymakers that there are no streamlined 
pathways to improve student achievement without taking into account all the community 
demographic factors at play in the lives of students.  The largest urban center school district 
redesign might have turned out very differently had each of the schools, charter organizations 
included, approached education from the EST perspective and utilized the important insight from 
student-centered education as part of the Eight Year Study (Aikin, 1942).  The high-stakes test 
results of the RSD and OPBSD reflected the many out-of-school factors that students and family 
were facing.  New Orleans, like many urban centers, is impoverished from the perspectives of 
financial capital, community social capital, and human family capital.  The many spheres of 
influence and how they impact student learning should cause school leaders and community 
leaders to pause and question how they might improve social community capital and family 
human capital for students, particularly in high-poverty areas.   
Unanswered Questions 
Current education policy and specifically recent school reform initiatives focus on the 
perception that the use of high-stakes standardized testing to measure student achievement is a 
function of curriculum and instruction delivered by teachers, as well as the material students 
have an opportunity to learn (Neil, Guisbond, & Schaeffer, 2004).  Education policy in the 
United States, as evidenced by the perpetuation of the “Sputnik myth,” has not historically been 
based on empirical research and evidence (Tienken & Orlich, 2013).  Furthermore, out-of-school 
factors have long been known, since the Coleman Report (1966), to influence academic 
achievement in school.  Additional studies researching individual predictor variables such as 
lone-parent households, parental education, parental income, family structure, and neighborhood 
environment have demonstrated collectively that these factors influence student academic 
67  
  
performance and achievement in school (Downey, 1994; Fram, Miller-Cribbs, & Van Horn, 
2007; Fox, 2015; Ginther, Haveman, & Wolfe, 2000; Harding, 2003; Haveman & Wolfe, 1995; 
Jones, 2008; Maylone, 2002; McCahill, 2015; Pong, Dronkers, & Hampden-Thomson, 2003; 
Sackey, 2014; Sirin, 2005; Tienken, 2016; Turnamian  & Tienken, 2013).  Additionally, the 
mental health and medical communities have similarly been conducting their own studies of how 
toxic stress due to various out-of-school factors of living in poverty, parental education and 
parental income structurally change the brain’s surface area and influence health outcomes in 
children as they become adults   (Burke et al., 2011; Felitti et al., 1998; National Scientific 
Council on the Developing Child 2005/2014; Noble et al., 2015).    The mental health and 
medical communities are very aware of the deleterious impact of out-of-school factors on 
academic achievement as they treat children and their families who suffer from mental and 
physical ailments which impact students’ lives within a school and classroom.  The mental 
health, medical, and educational research communities have not traditionally shared research 
findings that children who attend inner city schools that disproportionately serve economically 
disadvantaged, minority students are most severely impacted.  
 The tragedy of Hurricane Katrina offered the opportunity to redesign and rebuild the 
New Orleans inner city school district utilizing best educational practices.  Starting with a clean 
slate provided the ability to break from the pre-Katrina status quo and improve education.  
School reform funding would not be an obstacle, as the per student spending soared.  Sadly, the 
school reform process did not achieve all the promises that were made and the federal, state, and 
local boards of education were left with more questions than answers.  Student achievement 
improved but not to the level that was expected, as measured by graduation rates and 
standardized testing. 
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New Orleans is not unique.  In Connecticut, standardized testing in the post-NCLB era 
continues to tie test results to accountability measures and has become the basis for school 
reform decisions and the measure of student achievement.  If a child’s zip code can be used to 
predict the actual percentage of students who pass the state test (CMT or SBAC), then what 
value do the test results really have as tools of accountability or as drivers of school 
improvement?  What do these results mean for academic achievement for the child other than the 
level of wealth and education of family and community?  What do these test results mean for 
teachers and administrators?  Teachers should check the U.S. Census before applying for a job 
within that district because teachers’ evaluations will partially be based on the demographics of 
that town. 
Only one cross-sectional research study has been completed in Connecticut (Sackey, 
2014).  More research is needed to determine if the trends and predictive accuracy observed in 
the 2010 CMT data continue when analyzing the 2011, 2012, and 2013 CMT.  SBAC testing is 
very new and largely untested with only one year of statewide baseline test results available.    
Connecticut has one of the largest achievement gaps in the country between affluent students and 
their disadvantaged peers (Achievement First Results in Connecticut, 2014; Connecticut 
Commission on Educational Achievement, 2012).  The results of this research study can 
enlighten Connecticut education policymakers when making future school reform decisions 
based on educational research that affects Connecticut students. 
Chapter Summary 
This chapter addressed and highlighted the relevant literature basis for this study.  This 
review was organized into six sections to provide a historical and scientific context for education 
policymakers and practitioners.  The six sections were as follows: (1) Theoretical Framework; 
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(2) Jeffersonian Educational Ideal; (3) United States Education Policy; (4) Influence of 
Community Demographic Variables on Test Scores; (5) Adverse Childhood Effects, Learning, 
and the Brain; (6) School Reform in New Orleans, LA: Exemplifies the Existing Literature; (7) 
Unanswered Questions.   Education policymakers and practitioners are tasked with the 
responsibility of making school reform decisions that often weigh heavily on the student 
outcomes measured by high-stakes standardized tests.   
The theoretical framework for this study, ecological systems theory, was reviewed, 
detailing the holistic lens through which school reform and student assessment should be viewed.  
The only way one can gain an accurate understanding of a child is by taking into account the 
child’s ecology, including all major relationships and social constructs that the child engages in 
(home, family, peer group, school, community, culture, etc.) (Brendtro, 2006; Bronfenbrenner, 
1977; Burns, Warmbold-Brann, & Zaslofsky, 2015).  EST encompasses more than assessment 
theory alone.  EST goes further to describe human development in which individuals are 
developed intellectually, emotionally, and socially through active and complex exchanges with 
one’s microsystems and exosytems (Siegel, 2014).   
This literature review consisted of the historical background of education policy in the 
United States.   The review provides an in-depth discussion on testing, high-stakes testing, and 
education reforms like NCLB.  This review provides critical information pertaining to the impact 
of community (social capital) and family (human capital) out-of-school demographics on student 
achievement within the context of the school reform debate.   
Further information was included about the effect toxic stress and living in poverty may 
have on students and their families.  Students who experience adverse out-of-school factors may 
have difficulty learning and focusing in the classroom and may exhibit negative classroom 
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behaviors (Burke et al., 2011).   Brain-based research was also presented on how family income 
and parental education structurally changes the surface area of a child’s brain.   
Last, the chapter examined the Recovery School District and the Orleans Parish School 
Board District in New Orleans, Louisiana, as the largest school reform redesign within an urban 
center in the United States, following Hurricane Katrina.  The school reform process in New 
Orleans, Louisiana, exemplifies the literature.  The school reform and redesign process in New 
Orleans post-Katrina was undertaken with great hope but sadly was informed by standardized 
test score results.  The many out-of-school factors, including trauma, were addressed in many 
schools only in the way of severe disciplinary policies, and therefore student achievement has 
suffered.   
The chapter closes with the rationale of this study and the urgency and need for more of 
this research.  Standardized test scores like the CMT and soon the SBAC, once the Connecticut 
ESSA waiver ends, are used to inform school reform decisions.  The ability to predict test scores 
within a district without any knowledge of the schools, students, teachers, and administrators, 
other than the demographic data available from the U.S. Census calls into question what the 
standardized test results actually measure and the overall value of these results.  It is an entirely 
different narrative when out-of-school factors not only influence academic outcomes but, in fact, 
predict them.    
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CHAPTER III 
METHODOLOGY 
Introduction 
 The purpose for this longitudinal study was to explain the accuracy of family and 
community demographic variables found in the 2011 U.S. Census Bureau data estimates to 
predict the percentage of students in Grade 6 who scored at or above Goal at the district level on 
the 2011, 2012, and 2013 Connecticut Mastery Test (CMT) in Mathematics and Reading.  If the 
actual percentage of students who pass the state test can be predicted using only community 
demographic variables, then what value can those results add to the reformulation of 
accountability policies that link test results to educator accountability (currently the basis for 
school reform decisions)?  The Coleman Report (1966) and subsequent studies (e.g., Currie, 
2009; Duncan & Murnane, 2011; Rothstein, 2004) suggest that out-of- school factors influence 
educational outcomes on standardized tests and other measures.  Additionally the mental health 
and medical communities echo the educational research that out-of-school factors influence 
mental, physical, and educational outcomes.   However, education reform practices continue to 
remain almost exclusively test-based in the post-NCLB era and do not address student 
achievement in a holistic manner. (Scherrer,2014).    
What the body of educational research has not addressed is the predictive nature of 
standardized test scores utilizing only demographic data.  The small number of studies conducted 
in New Jersey, Iowa, and Michigan, in addition to the one study in Connecticut, have illustrated 
the accuracy with which of out-of-school demographic variables can be used to predict district 
standardized test scores reliably (Angelillo, 2015; Darnell, 2015; Fox, 2015; Jones, 2008; 
Maylone, 2002; McCahill, 2015; Turnamian , 2012; Turnamian  & Tienken, 2013).  The research 
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has shifted the discussion from out-of-school factors merely influencing educational outcomes to 
out-of-school factors predicting educational outcomes.   
 This study adds to the body of knowledge, as it is only the second study of its kind in 
Connecticut (Sackey, 2014) and is the first longitudinal, predictive study in Connecticut.  High-
stakes, standardized tests continue to be the primary measure through which Connecticut charter 
school organizations tout their success (Achievement First Results in Connecticut, 2014).  
Further, Connecticut educational research is now necessary, as standardized test scores continue 
to be the primary measure for assessing student achievement, evaluating teachers and school 
quality, determining overall school effectiveness, and ultimately determining the school reform 
pathways. 
Research Design 
I used a non-experimental, longitudinal, explanatory design, with quantitative methods to 
determine how well community and family demographic variables predict the percentage of 
students who score at Goal or above on the CMT (Johnson, 2001).  Correlational research studies 
necessitate data collection to investigate “whether and to what degree a relationship exists 
between two or more quantifiable variables (Gay, Mills, & Airasian, 2012, p. 9).   In this study, 
21 community demographic variables collected from the 2011 U.S. Census estimates were used 
to determine the strength and direction of the relationship between the district percentages for 
students scoring at or above Goal on the 2011, 2012, and 2013 CMT in Math and Reading for 
Grade 6.  The 21 predictor variables were narrowed to nine statistically significant variables 
using a correlation matrix, providing enough power to identify an effect size of at least 0.50 at 
the 95% confidence interval.   
Context of the Study 
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Connecticut 
 Connecticut is a wealthy state, as measured by per capita income, with an extremely 
sharp contrast between some very wealthy cities and towns and very poor cities.   These poor 
cities rank among the 100 poorest cities in the United States based on the percentage of children 
living at or below the Federal Poverty Level (CT Voices for Children, 2007).   Connecticut has 
the largest standardized test score achievement gap between low-income students and their more 
affluent peers (CT Ed Reform, 2015).   However, the discussion is not as simple as income 
because statewide, Connecticut low-income students score in the bottom third nationally when 
compared to other low-income students on assessments such as the NAEP (CT Ed Reform, 
2015).    Income is clearly not the only factor at play impacting the achievement of Connecticut 
students.  This research study sought to use out-of-school demographic factors to predict the 
achievement of students in Connecticut’s wealthy cities and towns as well as the impoverished 
cities and towns.  The predictive algorithm (Maylone, 2002) this study employed, was the same 
for Greenwich, Connecticut, as it was for Hartford and Bridgeport, Connecticut.  
CMT 
 The CMT has been administered in Connecticut since 1985.  Long before the NCLB was 
enacted, the CMT measured and assessed the academic growth and achievement of Connecticut 
students.  The CMT has gone through three revision processes since 1985 (Hendrawan & 
Wibowo, 2012).  The second generation CMT or CMT2 was rolled out in 1993 and the third 
generation CMT in 2000 (Hendrawan & Wibowo, 2012).   The last revision of the CMT 
occurred in 2006 when the fourth generation, or CMT4, was released (Hendrawan & Wibowo, 
2012).   “New generations of the test offer an opportunity to adjust content, re-establish 
standards, and reflect changes in philosophy and technology that have occurred since the 
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previous generation was developed”  (Hendrawan & Wibowo, 2012, p.6).  As a criterion- 
referenced assessment, the CMT did not compare students with one another but rather to a level 
of performance that was to be achieved.  These achievement levels aligned directly to the 
Connecticut state standards.  Even though the CMT was a traditional high-stakes standardized 
assessment, reflective of the culture in Connecticut education circles, the CMT was believed to 
“require[s] more from students than most traditional tests in the areas of mathematics, reading, 
writing, and science.  While traditional assessments typically measure what students know, the 
CMT also employs performance tasks to measure what students can do with what they know” 
(Hendrawan & Wibowo, 2012, p.10).   
 The collaborative development of the CMT, overseen by the Bureau of Student 
Assessment at the Connecticut State Department of Education (CSDE), employed CSDE 
curriculum specialists, and advisory committees are composed of Connecticut educators with 
respected knowledge for each section of the CMT (Math, Reading, Writing, and Science) 
(Hendrawan & Wibowo, 2012).  The CMT development process for a new generation 
assessment typically spanned a two or three year period and underwent many stages (Hendrawan 
& Wibowo, 2012).  The gold standard that the CMT achieved, even though working with major 
testing companies, is that educators, representative of all school districts throughout Connecticut, 
were a part of the process as members of the various advisory committees.  The CMT went 
farther than other assessment tools to include local educators as part of the creation process.   In 
Connecticut for many years, the development of the CMT was a model of educational best 
practices.  If district CMT results are contaminated and predicted by out-of-school factors, what 
other standardized assessments, which did not go through a rigorous and collaborative creation 
process, are also contaminated and predicted by out-of-school factors? 
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Variables 
Independent variable data were taken from the American Community Survey (ACS) 
portion of the 2011 U.S. Census estimates through the American FactFinder instrument.  The 21 
independent variables seek to provide a tangible measure for the spheres of influence (family and 
community), providing quantifiable measures for family human capital and community social 
capital (Bronfenbrenner, 1977; Bronfenbrenner & Morris, 1988; Putnam, 2000; Tienken, 2016; 
World Bank, 2011).  Traditional measures for socioeconomic status in schools/districts typically 
include the percentage of students who qualify for free or reduced lunch.  Much like a single test 
score, free or reduced lunch measures provide only a narrow assessment and do not reliably 
capture the complex nature of many out-of-school factors (Bronfenbrenner & Morris, 1988; 
Harwell & LeBeau, 2010; Haveman, & Wolfe, 1995; Sirin, 2005).  The U.S. Census 
demographic data for the 21 independent variables were grouped into two separate categories: 
family human capital and community social capital (Putnam, 2000; World Bank, 2011).  
Variables assigned to the family human capital group were predictors that could be specifically 
influenced through a familial only interaction such as family income, marriage, families in 
poverty, single parent households, and parent employment status.  Conversely, community social 
capital variables, more specifically non-familial connections, included economic, education, 
and/or cultural wealth of social networks for individuals and communities.  These variables 
included household income, population in poverty, and education level of 25-year-olds and 
older.   
The independent variables for this study were derived directly from the 2011 U.S. Census 
estimates.  The 21 community demographic variables were grouped by family human capital and 
community social capital (Angelillo, 2015; Darnell, 2015; Fox, 2015; Jones, 2008; Maylone, 
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2002; McCahill, 2015; Sackey, 2014; Tienken, 2012; Turnamian  & Tienken, 2013) and included 
the following: 
Family human capital variables, defined as:  
1. Percentage of families making less than $25,000 
2. Percentage of families making less than $35,000 
3. Percentage of families making more than $200,000 
4. Percentage of all parents in the labor force for 6-17 years  
5. Percentage of families with children under 18 living in poverty for 12 months 
6. Percentage of male-only heads of household, no wife, with children under 18 
7. Percentage of female-only heads of  household, no husband, with children under 
18 
8. Percentage of lone-parent households (total) 
9. Percentage of married families with children under 18 
10. Percentage of female households in poverty 
Community social capital variables, defined as: 
11. Percentage of people employed 
12. Percentage of households making under $25,000 
13. Percentage of households making under $35,000 
14. Percentage of households making more than $200,000 
15. Percentage of the population living in poverty 
16. Percentage of the population (25 years and older) with less than a Grade 9 
education 
17. Percentage of the population (25 years and older) with no high school diploma 
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18. Percentage of the population (25 years and older) with a high school diploma 
19. Percentage of the population (25 years and older) with some college 
20. Percentage of the population (25 years and older) with a bachelor of arts degree 
21. Percentage of the population (25 years and older) with an advanced degree 
The dependent variables were the district test scores for the 2011, 2012, and 2013 CMT 
in Reading and Math for Grade 6, specifically the students who scored at or above Goal on the 
Reading and Math CMT.  District CMT scores were obtained from the CT Reports website.  
The CMT standardized assessment remains the only assessment available in Connecticut 
utilized across the state with multiple years of data.  The stability and reliability assessment 
instrument remains unknown, and the 2015 Connecticut SBAC results, the first year of statewide 
implementation, were intended to be used only as a baseline measure (Connecticut State 
Department of Education, 2015).  
Research Questions 
1. How accurately do community demographic data predict the actual percentage of 
students scoring at or above Goal at the district level on the CMT in Mathematics for 
Grade 6 in 2011, 2012, and 2013? 
2. How accurately do community demographic data predict the actual percentage of 
students scoring at or above Goal at the district level on the CMT in Reading for 
Grade 6 in 2011, 2012, and 2013?  
 
Population and Sample 
 The population from which the district test scores were drawn is 100% of the school 
districts in Connecticut with students in Grade 6 who took the Math and Reading CMT in 2011, 
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2012, and 2013 and had reported at least 25 valid scores.  Within the state of Connecticut, there 
are 195 school districts.  The target sample for this study were all school districts that were not 
regional, charter, or technical, and had at minimum 25 students in Grade 6 taking the 2011, 2012, 
and 2013 CMT in Reading and Math.  The available sample districts for this study were 130 of 
the 195 school districts in Connecticut.  A total of 33.33% of districts did not meet the non-
regional, non-charter, non-technical, and the student criteria (n > 25) in Grade 6. 
Data Collection 
The publicly available independent variables were taken from the American Community 
Survey (ACS).  Using U.S. Census Bureau American FactFinder, the five-year estimate, 2011,  
for each of the 21 demographic community variables were utilized because these estimates were 
obtained using the largest sample size comparatively to the one-year and three-year estimates. 
Reading and Math CMT scores for Grade 6 were obtained from the CT Reports website. 
The CMT has been in place as the major standardized assessment administered to Connecticut 
students in Grades 3-8 since 1985 (Hendrawan & Wibowo, 2011).  As a criterion-based 
assessment, the CMT is aligned to the CT Framework: K-12 Curricular Goals and Standards.  
According to The Connecticut Mastery Test: Technical Report (2011), the justifications for the 
CMT is to set high expectations for students, assess students’ academic skills, conduct a general 
assessment of students, schools, and districts, identify students who need assistance, and 
generally monitor school progress (Hendrawan & Wibowo, 2011, p. 1). 
 
Instrumentation 
 The CMT fourth generation (CMT4) was first administered to students in Grades 3 
through 8 in the spring of 2006 in the content areas of Mathematics, Reading, and Writing.  It 
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maintained the achievement standards of the CMT third generation (CMT3): Below Basic, Basic, 
Proficient, Goal, and Advanced.   
 According to The Connecticut Mastery Test: Technical Report: 
The content of the 2011 CMT was selected to represent the most important Mathematics, 
Reading, Writing, and Science skills for students at each of the grades tested.  The test 
content reflects the standards of Connecticut’s Curriculum Frameworks.  From 
Connecticut’s Curriculum Frameworks, assessment standards were developed for the 
CMT.  The spring 2011 administration was the sixth operational (OP) administration of 
CMT4.   Each administration comprises the following content areas:  
1. Mathematics consists of a single test administered in two sessions for Grades 
3 and 4, and three sessions for Grades 5 through 8.  The tests contain 
dichotomously scored multiple-choice (MC) items, grid-in (GR) response 
items, and open-ended (OE) items scored on a 0-1, 0-2, or 0-3 scale.  
2. Reading consists of two subtests: Degrees of Reading Power (DRP) and 
Reading Comprehension (RC) 
a. DRP has a single session of MC items.  
b. RC consists of MC items and OE items scored on a 0-2 scale.   
RC has two sessions.   
(Hendrawan & Wibowo, 2011, p. 15) 
 
Table 1 
2011 CMT Operational Test Design 
Content Subject Grade Number of Items Total Items Score Points 
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   Multiple Choice Grid-in Response Open Ended   
Math Math 6 71 18 27 116 0 – 140 
Reading Degree of Reading Power 6 49   49 0 – 49 
 Reading Comprehension 6 22  9 31 0 – 40 (Hendrawan & Wibowo, 2012) 
Table 2 
An Example of Scale Values, Cut Scores, and Performance Levels 
Grade Basic Proficient Advanced 
 Raw Scale Raw Scale Raw Scale 
5 39 382 62 604 81 799 
6 44 417 69 641 83 823 
7 43 426 65 673 80 867 
8 47 507 64 700 81 914 
(Hendrawan & Wibowo, 2012) 
Table 3 
CMT 4 Achievement Level and Scale Score Ranges 
Content Area Grade Below Basic Basic Proficient Goal Advanced 
Mathematics 6 100 - 189 190 - 213 214 - 243 244 - 284 285 - 400 
Reading 6 100 - 206 207 - 219 220 - 235 236 - 288 289 - 400 
(Hendrawan & Wibowo, 2012) 
 Assessment and Evaluation Concepts, Inc. conducted an outside, independent, and 
comprehensive study to assess the CMT alignment to the CT Framework: K-12 Curricular Goals 
and Standards.  The study findings concluded that the standards were well aligned to CMT 
(Hendrawan & Wibowo, 2011). 
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Reliability 
 “Reliability questions relate to the extent to which an assessment instrument produces 
consistent results over time” (Hendrawan & Wibowo, 2011).  The internal consistency estimate 
reported for the CMT is Cronbach’s Alpha (Hendrawan & Wibowo, 2011; Koretz, 2008).   
Given that the CMT is used in a high-stakes manner to make important decisions about the lives 
of students, each of the technical reports published in 2011 and 2013 by Hendrawan & Wibowo 
mention that target reliability coefficients of .90 (or higher) are used in setting important cut 
points of each test.   
The State of Connecticut used the same Math and Reading test forms in 2010 and 2011.  
Similarly, in 2012 and 2013, the same Math and Reading forms of the CMT were once again 
used. 
Table 4  
CMT4 Mathematics and Reading CMT Cronbach’s Alpha for 2011, 2012, and 2013 
CMT Year Grade Mathematics Reading 
2011 6 0.964 0.944 
2012 6 0.97 0.94 
2013 6 0.97 0.94 
 
Furthermore, within The Connecticut Mastery Test Technical Report, Hendrawan and 
Wibowo (2011, 2012) explain that individual item statistical analysis is also included: 
 For Multiple-Choice (MC) Items  
 Percent correct: Greater than or equal to .25  
 Point biserial correlation with total score: greater than or equal to.20  
 Mantel-Haenszel: No Category C items (see below) 
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For Constructed-Response (CR) Items  
 Item Difficulty: any level as long as all score points are well represented 
Correlation with total score: Greater than or equal to .20  
 Generalized Mantel-Haenszel: No chi-square significant at .05 level of alpha 
Since their introduction in the field of epidemiology in 1959, Mantel-Haenszel statistics have 
been employed by many test developers; several refinements have since been added.  Education 
Testing Service (ETS) uses the Mantel-Haenszel statistic and calculates a D statistic, which 
permits grouping of test items into three categories (Zieky, 1993).  The D statistic is a function of 
the case-control odds estimator of risk generated by SAS’s PROC FREQ.  The D statistic is 
calculated as follows: 
1. α = case-control estimate of risk (odds ratio)  
2. β = natural log of α  
3. D = -2.35*β 
Camilli and Shepard (1994, p. 121) describe three categories of items with respect to D:  
A. D does not significantly differ from zero using Mantel-Haenszel chi-square, or D’s 
absolute value is less than 1  
B. D significantly differs from 0 and D has either (a) an absolute value less than 1.5  
or (b) an absolute value not significantly different from 1 
C. D’s absolute value is significantly greater than or equal to 1.5 
(Hendrawan & Wibowo, 2012) 
Data Analysis 
Analysis Overview 
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Simultaneous multiple linear regression models were used to determine the initial 
strength and direction of relationships between the 21 predictor variables and the 2011, 2012, 
and 2013 student Math and Reading CMT scores by district for Grade 6 and identify the 
variables that were the best predictors of the percentages of students scoring Proficient or above 
on each test each year. Then hierarchical linear regression (HLR) was used to identify the models 
that most accurately predicted the percentages of students scoring at Goal or above for each 
assessment. (Hinkle, Wiersma, & Jurs, 2003). The focus of this study was intentionally limited to 
include out-of-school demographic variables to predict the percentage of students scoring 
Proficient and above on the CMT.  As the literature suggests, out-of-district demographic 
variables related to family human capital and community social capital play a large factor in 
influencing student achievement on high-stakes standardized tests and the ability to predict 
student achievement at the district level (Angelillo, 2015; Fox, 2015; Jones, 2008; Maylone, 
2002; McCahill, 2015; Tienken, 2012; Tienken, 2016; Turnamian , 2012; Turnamian  & 
Tienken, 2013). 
The independent variables from the U.S. Census Bureau’s American FactFinder and the 
2011, 2012, and 2013 CMT scores for Grade 6 in Reading and Math by district were downloaded 
from the CT Reports website and were organized in a Microsoft Office Excel spreadsheet.  The 
independent and dependent variables were then imported into IBM’s Statistical Package for the 
Social Sciences (SPSS) statistical software for analyses.   
 
Analysis Sequence 
Narrowing predictor variables.  I ran a correlation matrix conducted between the 21 
independent community demographic variables from the U.S. Census and 130 district test scores 
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for students scoring at or above Goal on the 2011, 2012, and 2013 Math and Reading CMT.  The 
21 predictor variables were then narrowed to nine independent variables, in accordance with 
recommendations for sample size from Field (2009).  This process identified the potentially 
statistically significant variables based on r and p values.  The nine predictor variables were 
included with each of the 130 district’s Grade 6 CMT scores in Math and Reading for the testing 
years of 2011, 2012, and 2013.  All predictor variables were statistically significant at the p=.01 
level except for the employment status of all parents in the work force for 6-17 years.   
Employment status for parents in the work force was only significant at the p=.05 level and was 
not statistically significant for 2012 and 2013 CMT district reading scores.  The correlation 
coefficient, or r value, in excess of .800 indicated possible multicollinearity concerns, although 
multicollinearity can only be tested and measured through a variance of inflation (VIF) as part of 
a simultaneous or hierarchical regression.  The initial narrowing of 21 predictor variables to nine 
utilized only the r values from the correlation coefficient matrix and inferred the possibility of 
multicollinearity concerns based on the high r values in excess of .800 from the correlation 
matrix. The nine predictor variables chosen were based on the research in conjunction with the 
correlation matrix.  These results from the correlation matrix were consistent with the findings of 
previous studies. 
The nine predictor variables included the following: 
Family human capital variables, defined as:  
1. Percentage of families making less than $35,000 (McCahill, 2015; Sackey, 2014)  2. Percentage of families with children under 18 living in poverty for 12 months 
(Fox, 2015; Jennings, 2000; Lee & Burkam, 2002; Sirin, 2005; Tienken, 2016) 
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3. Percentage of lone-parent households (total) (Downey, 1994; Tienken, 
Tramaglini, Lynch, & Turnamian , 2013; Turnamian , 2012) 
4. Percentage of married families with children under 18 (Sackey, 2014) 
5. Percentage of female households in poverty (Downey, 1994; Fox, 2015; Tienken, 
Tramaglini, Lynch, & Turnamian , 2013) 
Community social capital variables, defined as:  6. Percentage of households making more than $200,000 (Fox, 2015; Nobels et al., 
2015; Tienken, 2016) 
7. Percentage of the population living in poverty (Angelillo, 2015, Fox, 2015; 
McCahill, 2015) 
8. Percentage of the population (25 years and older) without a high school diploma 
(Angelillo, 2015; McCahill, 2015; Sackey, 2014) 
9. Percentage of the population (25 years and older) with a high school diploma 
(Sackey, 2014) 
Simultaneous and multiple hierarchical regression models.  The nine independent 
variables were loaded into an initial simultaneous multiple regression model in order to narrow 
down a final set of variables that explained the largest amount of variance and demonstrated the 
least multicollinearity and eventually conduct a series of hierarchical linear regression models.  
The objective of this process was to create a statistically significant hierarchical regression 
model that produced the largest r and R-squared providing the best fit for each grade, each 
subject, and each year.  The results from the hierarchical models of best fit gave accurate 
predictions of the percentages of students who scored at or above Goal on the grade 6 CMT 
during 2011, 2012, and 2013. 
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Predictive algorithm. The nine predictor variables (originally 21) were now within the 
recommended sample size guideline provided by Field (2009) to identify an effect size of at least 
0.50 at the 95% confidence interval.  Theses nine predictor variables were then reduced again 
down to two or three predictor variables that accounted for the most variance on the Grade 6 
Math and Reading CMT scores for each of the 2011, 2012, and 2013 testing years.  The 
unstandardized beta values from the hierarchical regression models, in addition to the standard 
error, were used in the predictive formula (Maylone, 2002).  The predictive formula for the 
Connecticut district CMT scores for Math and Reading is as follows: 
Ai (Xi) + Aii (Xii) + Aiii (Xiii) + Aiiii (Xiiii) … + Constant = Y 
Ai = β predictor  
Y = predicted Math or Reading CMT scores (Student Achievement) 
Xi = community demographic predictor variable #1 
Xii = community demographic predictor variable #2 
Xiii = community demographic predictor variable #3 
The formula was run independently for each of the 130 school districts for the Math and 
Reading CMT for Grade 6 over each year: 2011, 2012, and 2013.  The percentage of students in 
each district who were predicted to score at or above Goal was assessed against the actual 
percentage of students who scored at or above Goal within the standard error estimate.  Each 
district was analyzed if the predicted percentage values were accurate against the actual 
percentage of students within each district who scored at or above Goal within the standard error 
estimate.  
Chapter Summary 
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 This study used quantitative methods with a correlational, exploratory, longitudinal, non-
experimental design.  The goal of this correlational research study was to investigate whether 
and to what degree a relationship exists between nine (of the original 21) out-of-school 
demographic community factors and Math and Reading CMT scores for Grade 6 (Gay, Mills, & 
Airasian, 2012).  
 This research study builds on Sackey’s (2014) previous research completed in 
Connecticut.  It extends Sackey’s (2014) research findings and adds to the body of knowledge as 
the first longitudinal predictive study of this kind in Connecticut.  It supports the work of similar 
research findings that were conducted in New Jersey and Michigan (Angelillo, 2015; Fox, 2015; 
Jones, 2008; Maylone, 2002; McCahill, 2015; Tienken, 2012; Turnamian, 2012; Turnamian  & 
Tienken, 2013).  This research study is also only the second longitudinal predictive study of its 
kind ever conducted and extends the work of the first longitudinal predictive study (Tienken, 
2016).  Each of the research study findings described above has illustrated the reliability in 
which out-of-school demographic variables can predict district-wide percentages of student 
proficiency scores on state-mandated standardized tests. 
The review of the literature suggests that community demographic variables influence 
student performance as measured by standardized test scores.  Utilizing the data from the 
American Community Survey (ACS) portion of the 2011 U.S. Census estimates  through the 
American FactFinder instrument, 21 community demographic measures were chosen.  The nine 
predictor variables were aligned with the Ecological Systems Theory and represent various 
community- and family-based spheres of influence (Brendtro, 2006; Bronfenbrenner, 1977; 
Bronfenbrenner & Morris, 1988).  The variables were grouped into the two main categories of 
family human capital and community social capital (Coleman, 1988, World Bank, 2011).  The 
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correlation coefficient matrix allowed the 21 predictor variables to be reduced to nine based on 
the largest, statistically significant r values at the p = .01 level.  The dependent variables were 
district Math and Reading CMT scores for Grade 6 over the 2011, 2012, and 2013 testing years.  
District CMT scores were accessed through the CT Reports website.   
This study used two forms of regression models, SMR and HLR, to produce the largest r 
and R-squared providing the best fit for each subject (Math and Reading) and each year (2011, 
2012, & 2013).  
The sample for this study included the 130 public school districts in Connecticut that 
were not regional, charter, or technical and had at minimum 25 students taking the 2011, 2012, 
and 2013 CMT in Reading and Math for Grade 6.  
 
  
89  
  
CHAPTER IV 
ANALYSIS OF THE DATA 
Introduction 
My purpose for this study was to explain the accuracy of 21 family and community 
demographic variables found in the 2011 U.S. Census Bureau data in predicting the percentage 
of students in Grade 6 who score at or above Goal at the district level on the CMT in 
Mathematics and Reading.  This study used a non-experimental, longitudinal, explanatory 
design, using quantitative methods to predict and account for the most variance between 21 
independent community demographic variables and Connecticut district standardized test scores.  
Research Questions 
Guiding Question 
How accurately do community demographic data predict the actual percentage of 
students scoring at or above Goal at the district level on state-mandated tests in Connecticut?  
Research Questions 
1. How accurately do community demographic data predict the actual percentage of 
students scoring at or above Goal at the district level on the CMT in Mathematics for 
Grade 6 in 2011, 2012, and 2013? 
2. How accurately do community demographic data predict the actual percentage of 
students scoring at or above Goal at the district level on the CMT in Reading for 
Grade 6 in 2011, 2012, and 2013?  
Independent Variables 
Independent variable data were taken from the American Community Survey (ACS) 
portion of the 2011 U.S. Census estimates through the American FactFinder instrument.  The 21 
independent variables from the U.S. Census are quantitative, tangible measures for family human 
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capital and community social capital (Bronfenbrenner, 1977; Bronfenbrenner & Morris, 1988; 
Putnam, 2000; Tienken, 2016; World Bank, 2011).  Traditional measures for socioeconomic 
status in schools and school districts typically include the percentage of students who qualify for 
free or reduced lunch.  Similarly to a single test score, free and reduced lunch measures provide 
only a narrow assessment and do not reliably capture the complex nature of many out-of-school 
factors, the spheres of influence (Bronfenbrenner & Morris, 1988; Harwell & LeBeau, 2010; 
Haveman, & Wolfe, 1995; Sirin, 2005).  Variables assigned to the human family capital group 
were predictors that could be specifically influenced through a familial-only interaction such as 
family income, marriage, families in poverty, single-parent households, and parent-employment 
status.  Conversely, community social capital variables, more specifically non-familial 
connections, included economic, education, and/or cultural wealth of social networks for 
individuals and communities.  These variables included household income, population in 
poverty, and education level of 25-year-olds and older.   
The independent variables for this study were derived directly from the 2011 U.S. Census 
five-year estimates.  The 21 community demographic variables were grouped by family human 
capital and community social capital (Angelillo, 2015; Darnall, 2015; Fox, 2015; Jones, 2008; 
Maylone, 2002; McCahill, 2015; Sackey, 2014; Tienken, 2012; Turnamian & Tienken, 2013) 
and included the following: 
Family human capital variables, defined as:  
1. Percentage of families making less than $25,000 
2. Percentage of families making less than $35,000 
3. Percentage of families making more than $200,000 
4. Percentage of all parents in the labor force for 6-17 years  
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5. Percentage of families with children under 18 living in poverty for 12 months 
6. Percentage of male-only heads of household, no wife, with children under 18 
7. Percentage of female-only heads of  household, no husband, with children under 
18 
8. Percentage of lone-parent households (total) 
9. Percentage of married families with children under 18 
10. Percentage of female households in poverty 
Community social capital variables, defined as: 
11. Percentage of people employed 
12. Percentage of households making under $25,000 
13. Percentage of households making under $35,000 
14. Percentage of households making more than $200,000 
15. Percentage of the population living in poverty 
16. Percentage of the population (25 years and older) with less than a Grade 9 
education 
17. Percentage of the population (25 years and older) with no high school diploma 
18. Percentage of the population (25 years and older) with a high school diploma 
19. Percentage of the population (25 years and older) with some college 
20. Percentage of the population (25 years and older) with a bachelor of arts degree 
21. Percentage of the population (25 years and older) with an advanced degree 
The correlation coefficient matrix identified the potentially statistically significant 
variables based on r and p values.  All 21 predictor variables were included in the correlation 
coefficient matrix with each of the 130 district’s Grade 6 CMT scores in Math and Reading for 
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the testing years of 2011, 2012, and 2013.  All predictor variables were statistically significant at 
the p=.01 level except for the employment status of all parents in the work force for 6-17 years.   
Employment status for parents in the work force was only significant at the p=.05 level and was 
not statistically significant for 2012 and 2013 CMT district reading scores.   
Table 5 
Interpretation of the Size of a Correlation Coefficient  
Size of Correlation Interpretation 
.90 to 1.00 (-.90 to -1.00) Very high positive (negative) correlation 
.70 to .90 (-.70 to -.90) High positive (negative) correlation 
.50 to .70 (-.50 to -.70) Moderate positive (negative) correlation 
30 to .50 (-.30 to -.50) Low positive (negative) correlation 
.00 to .30 (.00 to -.30) Little, if any, correlation 
 Table 6 
Correlation Coefficient Matrix for Grade 6 District CMT Scores with 21 Predictor Variables,  N=130 
 21 Predictor Variables 
 2011 CMT Grade 6 Math% At or Above Goal 
2012 CMT Grade 6 Math% At or Above Goal 
2013 CMT Grade 6 Math% At or Above Goal 
2011 CMT Grade 6 Reading % At or Above Goal 
2012 CMT Grade 6 Reading % At or Above Goal 
2013 CMT Grade 6 Reading % At or Above Goal 
1 % of Families Making Less Than $25,000 Pearson Correlation -.831** -.805** -.747** -.819** -.829** -.796** 
2 % of Families Making Less Than $35,000 Pearson Correlation -.852** -.831** -.787** -.822** -.853** -.811** 
3 % of Families Making More Than $200,000 Pearson Correlation .546** .551** .558** .519** .513** .495** 
4 Employment Status: All parents in family in Labor force 6-17 years Pearson Correlation -.196* -.180* -.192* -.195* -.162 -.157 
5 All families With Children Under 18, Below Poverty Pearson Correlation -.803** -.785** -.706** -.800** -.787** -.773** 
6 Male Head, No Female with Children Under 18 Pearson Correlation -.333** -.365** -.342** -.330** -.384** -.327** 
7 Female Head, No Husband with Children Under 18 Pearson Correlation -.754** -.754** -.722** -.729** -.745** -.723** 
8 Lone-Parent Household Pearson Correlation -.717** -.731** -.709** -.700** -.732** -.714** 
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The results of the correlations suggest the potentially statistically significant variables 
based on r and p values.  The nine predictor variables were included with each of the 130 
district’s Grade 6 CMT scores in math and reading for the testing years of 2011, 2012, and 2013.  
All predictor variables were statistically significant at the p=.01 level except for the employment 
status of all parents in the work force for 6-17 years.   Employment status for parents in the work 
force was significant only at the p=.05 level and was not statistically significant for 2012 and 
2013 CMT district reading scores.  The nine predictor variables chosen were based on the 
research in conjunction with the correlation matrix.  The nine predictor variables included the 
following: 
Family human capital variables, defined as:  
1. Percentage of families making less than $35,000  
2. Percentage of families with children under 18 living in poverty for 12 months  
9 All Married Families with Children Under 18 Pearson Correlation .726** .666** .675** .677** .670** .654** 
10 % of Female Households in Poverty Pearson Correlation -.586** -.578** -.481** -.565** -.569** -.552** 
11 % of People Employed Pearson Correlation .301** .247** .229** .267** .274** .283** 
12 % of Households Making Under $25,000 Pearson Correlation -.816** -.774** -.747** -.817** -.803** -.778** 
13 % of Households Making Under $35,000 Pearson Correlation -.830** -.794** -.774** -.816** -.820** -.788** 
14 % of Households Making More Than $200,000 Pearson Correlation .535** .531** .534** .506** .498** .465** 
15 % of All People Under Poverty for 12 Months Pearson Correlation -.782** -.767** -.684** -.799** -.788** -.745** 
16 25 and Over with Less Than a Grade 9 Education Pearson Correlation -.753** -.762** -.735** -.771** -.786** -.759** 
17 25 and Over No HS Diploma Pearson Correlation -.814** -.803** -.782** -.810** -.829** -.817** 
18 25 and Over HS Diploma Pearson Correlation -.583** -.602** -.630** -.532** -.574** -.563** 
19 25 and Over Some College Pearson Correlation -.371** -.376** -.358** -.307** -.334** -.282** 
20 25 and Over BA Degree Pearson Correlation .665** .675** .674** .610** .653** .611** 
21 25 and Over Advanced Degree Pearson Correlation .607** .620** .630** .587** .601** .594** 
 ** Correlation is significant at the 0.01 level (2-tailed).  *  Correlation is significant at the 0.05 level (2-tailed).  
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3. Percentage of lone-parent households (total)  
4. Percentage of married families with children under 18  
5. Percentage of female households in poverty 
Community social capital variables, defined as: 
6. Percentage of households making more than $200,000 
7. Percentage of the population living in poverty  
8. Percentage of the population (25 years and older) without a high school diploma  
9. Percentage of the population (25 years and older) with a high school diploma  
The nine independent variables were loaded into an initial simultaneous multiple 
regression model in order to narrow down a final set of variables that explained the largest 
amount of variance and demonstrated the least multicollinearity and eventually conduct a series 
of hierarchical linear regression models.  The objective of this process was to create a 
statistically significant, hierarchical regression model that produced the largest r and R-squared 
providing the best fit for each grade, each subject, and each year.  The results from the 
hierarchical models of best fit gave accurate predictions of the percentages of students who 
scored at or above Goal on the Grade 6 CMT during 2011, 2012, and 2013. 
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Table 7 
Correlation Coefficient Matrix for Grade 6 District CMT Scores with Nine Predictor Variables, N=130 
Procedure 
 Utilizing the nine predictor variables listed above, a simple multiple regression was run.  
This identified which variables were statistically significant.  The remaining predictor variables 
were tested for multicollinearity with any other independent variable.  Variables that were 
deemed mulitcollinear with a variance of inflation factor (VIF) of over 10.0 or statistically 
insignificant were removed from the model one at a time and a new linear regression was run; 
noting the, r and R-squared value.  The process was repeated multiple times until the regression 
included statistically significant, non-collinear, variables that produced the largest r and R- 
squared value.  This process was conducted for each CMT year (2011, 2012, and 2013) for both 
Math and Reading tests. 
 Nine Predictor Variables 
 2011 CMT Grade 6 Math% At or Above Goal 
2012 CMT Grade 6 Math% At or Above Goal 
2013 CMT Grade 6 Math% At or Above Goal 
2011 CMT Grade 6 Reading % At or Above Goal 
2012 CMT Grade 6 Reading % At or Above Goal 
2013 CMT Grade 6 Reading % At or Above Goal 
1 % of Families Making Less Than $35,000 Pearson Correlation -.852** -.831** -.787** -.822** -.853** -.811** 
2 All families With Children Under 18, Below Poverty Pearson Correlation -.803** -.785** -.706** -.800** -.787** -.773** 
3 Lone-Parent Household Pearson Correlation -.717** -.731** -.709** -.700** -.732** -.714** 
4 All Married Families with Children Under 18 Pearson Correlation .726** .666** .675** .677** .670** .654** 
5 % of Female Households in Poverty Pearson Correlation -.586** -.578** -.481** -.565** -.569** -.552** 
6 % of Households Making More Than $200,000 Pearson Correlation .535** .531** .534** .506** .498** .465** 
7 % of All People Under Poverty for 12 Months Pearson Correlation -.782** -.767** -.684** -.799** -.788** -.745** 
8 25 and Over No HS Diploma Pearson Correlation -.814** -.803** -.782** -.810** -.829** -.817** 
9 25 and Over HS Diploma Pearson Correlation -.583** -.602** -.630** -.532** -.574** -.563** 
 ** Correlation is significant at the 0.01 level (2-tailed).  
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 The final process was to run a hierarchical regression using the statistically significant 
variables found through the previous simultaneous regression process.  Utilizing the 
unstandardized beta values, each variable was entered into SPSS based on rank, highest to lowest 
beta.  Again, this process was used for the predictive each CMT testing year in both Math and 
Reading.  Each hierarchical regression model contained three independent variables. 
The statistical significance for each model was noted in each two-way ANOVA table.  
The variables contributing to the most variance in each model was noted in the summary tables; 
particularly the R-squared and R-squared change.  Beta values, both standardized and 
unstandardized were reported in addition to VIF as the measure for collinearity.  Last, the 
standard error estimate for the model of best fit was reported.   
Utilizing the strongest statistically significant variables identified through the hierarchical 
regression process, the variables were run through a predictive formula to arrive at a predicted 
percentage of students scoring at Goal or above: 
Ai (Xi) + Aii (Xii) + Aiii (Xiii) + Aiiii (Xiiii) … + Constant = Y 
Ai = β predictor  
Y = predicted Math or Reading CMT scores (Student Achievement) 
Xi = community demographic predictor variable #1 
Xii = community demographic predictor variable #2 
Xiii = community demographic predictor variable #3 
The difference between the predicted and actual percentages of students scoring at or above Goal 
on the CMT was then calculated.  Differences found to be within the standard error were deemed 
accurate at the 95% confidence interval (Field, 2009).  Differences between the predicted and 
actual percentages larger than the standard error were deemed inaccurate. 
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CMT Math 
2011 
Descriptive statistics were calculated for the 2011 CMT Grade 6 data and the nine 
community demographic variables grouped as family human capital and community social 
capital.  The mean percentage of Grade 6 students in the 130 Connecticut school districts who 
achieved at or above Goal on the 2011 Math CMT was 76.05% with a standard deviation of 
15.306.  The median district percentage for students scoring at or above Goal on the 2011 Math 
CMT in Grade 6 was 79.45%.   
The analysis of the skewness revealed that the data set was skewed, as it exceeded the ± 
1.000 threshold with a measurement of -1.132, did not meet the assumption of normality, and did 
not fall within acceptable limits (Field, 2009).   The box plot revealed two outliers with less than 
30% of the district’s population achieving at or above Goal on the 2011 Math CMT.   The 
district scores from Windham with 28% of Grade 6 students scoring at or above Goal and New 
Britain with 29% of Grade 6 students scoring at or above Goal were removed.  Both of these 
school districts are members of DRG I, the lowest in the state.  The next closest district was New 
London with 32% of district students scoring at or above Goal.  New London remained in the 
data set.   
The analysis of the skewness with outliers removed met the assumption of normality and 
fell within acceptable limits (Field, 2009), not exceeding the ± 1.000 threshold with a 
measurement of -.987, although the box plot does identify additional outliers, New London 
(District 68) with 32% of students achieving at or above Goal, East Hartford (District 28) with 
35% of students achieving at or above Goal, and Waterbury (District 113) with only 39% of 
98  
  
students achieving at or above Goal.  New London and Waterbury are a part of DRG I, and East 
Hartford is a part of DRG H.   
With the two outliers removed, the descriptive statistics changed slightly (See Table 8).  
The mean percentage of Grade 6 students in the 128 Connecticut school districts who achieved at 
or above Goal on the 2011 Math CMT was 76.80% with a standard deviation of 14.181.  The 
median district percentage for students scoring at or above Goal on the 2011 Math CMT in 
Grade 6 was 79.55%. 
Table 8 
2011 CMT Math Grade 6 Descriptive Statistics Dependent Variable Table with Outliers Removed, N=128 
 Statistic Std. Error 
2011 CMT Grade 6 Math% At or 
Above Goal 
Mean 76.80 1.253 
95% Confidence Interval for 
Mean 
Lower Bound 74.32  
Upper Bound 79.28  
5% Trimmed Mean 77.86  
Median 79.55  
Variance 201.102  
Std. Deviation 14.181  
Minimum 32  
Maximum 97  
Range 65  
Interquartile Range 19  
Skewness -.987 .214 
Kurtosis .655 .425 
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 Figure 1. Histogram of 2011 CMT Math Grade 6: Percentage students at or above Goal with two outliers removed, N=128.  
  Figure 2. Box plot of 2011 CMT Math Grade 6: Percentage students at or above Goal with two outliers removed, N=128.  
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Simultaneous Multiple Regression 2011 Math 
 Simultaneous multiple regression with all nine independent variables was run.  The r for 
the model was .866 and the R-squared for the regression was .750 with a standard error of 7.357. 
The R-squared of .750 indicated that 75% of the variance in 2011 district Math CMT scores can 
be accounted for by the nine independent variables: (1) percentage of families making less than 
$35,000, (2) percentage of families with children under 18 living in poverty for 12 months, (3) 
percentage of lone-parent households (total), (4) percentage of married families with children 
under 18, (5) percentage of female households in poverty, (6) percentage of households making 
more than $200,000, (7) percentage of the population living in poverty, (8) percentage of the 
population (25 years and older) without a high school diploma, and (9) percentage of the 
population (25 years and older) with a high school diploma.  The ANOVA results show the 
regressions statistically significant (F(9, 118) = 39.322, p = .000; p < .05).  The ANOVA results 
are shown in Table 9 below.  
Table 9 
ANOVA for 2011 CMT Math Grade 6 
Model Sum of Squares df Mean Square F Sig. 
1 Regression 19153.544 9 2128.172 39.322 .000b 
Residual 6386.426 118 54.122   
Total 25539.970 127    
a. Dependent Variable: 2011 CMT Grade 6 Math% At or Above Goal 
b. Predictors: (Constant), 25 and Over  HS Graduate, % of Female Households in Poverty, Lone-Parent Household, All Married 
Families with Children Under 18, 25 and Over No HS Diploma, % of Households Making More Than $200,000, % of All People 
Under Poverty for 12 Months, % of Families Making Less Than $35,000, All families With Children Under 18, Below Poverty  
Table 10 below reports the VIF values for all 9 predictor variables prior to multiple 
simultaneous regression models being run.  Several variables were excluded, allowing for the 
strongest model to be identified.   
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Table 10 
Coefficient Table for 2011 CMT Math Grade 6 
 
Three predictor variables, (1) percentage of families making less than $35,000 per year, 
(2) percentage of all people 25 and older with a high school diploma, and (3) all married families 
with children under 18, were found to be statistically significant and did not have 
multicollinearity issues.  A simultaneous multiple regression was run with the three variables.  
The r for the model was .858 and the R-squared for the regression was .737 with a standard error 
of 7.364.  The R-squared of .737 indicated that 73.7% of the variance in 2011 district Math CMT 
scores can be accounted for by the three predictor variables identified in the strongest model.   
Table 11 reports the ANOVA results, showing the regressions statistically significant (F(3, 124) 
= 115.677, p = .000; p < .05).  Table 12 reports the beta values and the VIF values for this model.   
 
 
Model 
Unstandardized 
Coefficients 
Standardized 
Coefficients 
t Sig. 
Collinearity Statistics 
B 
Std. 
Error Beta Tolerance VIF 
1 (Constant) 86.670 6.407  13.528 .000   
% of Families Making Less Than $35,000 -.677 .248 -.395 -2.730 .007 .101 9.866 
 Families with Children Under 18 Below Poverty -.612 .375 -.293 -1.635 .105 .066 15.130 
Lone-Parent Household .100 .336 .025 .298 .766 .305 3.282 
All Married Families with Children Under 18 .456 .166 .236 2.740 .007 .285 3.511 
% of Female Households in Poverty .197 .107 .153 1.851 .067 .312 3.207 
% of Households Making More Than $200,000 -.118 .128 -.088 -.928 .355 .237 4.215 
% of All People Under Poverty for 12 Months -.032 .386 -.012 -.082 .934 .108 9.251 
25 and Over No HS Diploma -.158 .335 -.055 -.473 .637 .155 6.457 
25 and Over  HS Graduate -.339 .150 -.209 -2.263 .025 .249 4.014 
a. Dependent Variable: 2011 CMT Grade 6 Math% At or Above Goal 
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Table 11 
ANOVA for 2011 CMT Math Grade 6: 3 Predictor Variables 
Model Sum of Squares df Mean Square F Sig. 
1 Regression 18816.504 3 6272.168 115.677 .000b 
Residual 6723.466 124 54.222   
Total 25539.970 127    
a. Dependent Variable: 2011 CMT Grade 6 Math% At or Above Goal 
b. Predictors: (Constant), 25 and Over  HS Graduate, % of Families Making Less Than $35,000, All Married Families with Kids Under 18  Table 12 
Coefficient Table for 2011 CMT Math Grade 6: 3 Predictor Variables 
Model 
Unstandardized 
Coefficients 
Standardized 
Coefficients 
t Sig. 
Collinearity 
Statistics 
B 
Std. 
Error Beta Tolerance VIF 
1 (Constant) 87.234 5.798  15.045 .000   
% of Families Making Less Than $35,000 -1.058 .113 -.617 -9.350 .000 .487 2.053 
All Married Families with Children Under 18 .369 .140 .191 2.640 .009 .404 2.474 
25 and Over  HS Graduate -.239 .097 -.147 -2.455 .015 .593 1.686 
a. Dependent Variable: 2011 CMT Grade 6 Math% At or Above Goal  Hierarchical Regression 2011 Math   A hierarchical regression model was built using the strongest predictor variables from the 
initial simultaneous regression model for the 2011 CMT Math for Grade 6.  The hierarchical 
regression model identified the combination of statistically significant variables that explained 
the most variance in 2011 CMT district Math scores for Grade 6 and was used to create the 
predictive algorithm for Connecticut district CMT scores. 
 In the first model, the r value was .830; the R-squared value was .688 with a standard 
error of the estimate of 7.949.  The percentage of families making less than $35,000 per year 
accounts for 68.8% of the variance in district Grade 6 CMT scores in 2011.  Model 1 was also 
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statistically significant, F(1, 26) = 278.234, p=.000,  p < .05.  In Model 2, the r value was 
.851with an R-squared value of .724 and standard error of 7.510.  The percentage of families 
making less than $35,000 per year and the percentage of all married families with children under 
18 contributed to 72% of the variance in district scores of students at or above Goal.  The R- 
squared change from Model 1 to Model 2 was 3.6% and statistically significant F(1, 125) = 
16.143, p=.000, p < .05.  Model 3 reported an r value of .858 and an R-squared value of .737 
with a standard error measurement of 7.364. In Model 3 the percentage of families making less 
than $35,000 per year, the percentage of all married families with children under 18, and the 
percentage of individuals over 25 with a high school diploma contributed to a total R-squared of 
73.7% and an R-squared change from Model 2 to Model 3 of 1.3%, which was also statistically 
significant F(1, 124) = 6.028, p = .015, p<.05.  Although the R-squared change from Model 2 to 
Model 3 was statistically significant, it was, however, very small.   
Table 13 
ANOVA for 2011 CMT Math Grade 6: 3 Predictor Variables 
Model Sum of Squares df Mean Square F Sig. 
1 Regression 17579.151 1 17579.151 278.234 .000b 
Residual 7960.819 126 63.181   
Total 25539.970 127    
2 Regression 18489.638 2 9244.819 163.908 .000c 
Residual 7050.332 125 56.403   
Total 25539.970 127    
3 Regression 18816.504 3 6272.168 115.677 .000d 
Residual 6723.466 124 54.222   
Total 25539.970 127    
a. Dependent Variable: 2011 CMT Grade 6 Math% At or Above Goal 
b. Predictors: (Constant), % of Families Making Less Than $35,000 
c. Predictors: (Constant), % of Families Making Less Than $35,000, All Married Families with Kids Under 18 
d. Predictors: (Constant), % of Families Making Less Than $35,000, All Married Families with Kids Under 18, 25 and Over  HS Graduate 
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Table 14, Hierarchical Regression Coefficient Table for 2011 CMT Math Grade 6: 3  
Predictor Variables, reports the unstandardized beta values for each predictor variable within the 
three models and the accompanying t values, statistical significance, and VIF. 
Table 14  Hierarchical Regression Coefficients Table for 2011 CMT Math Grade 6: 3 Predictor Variables 
Model 
Unstandardized 
Coefficients 
Standardized 
Coefficients 
t Sig. 
Collinearity Statistics 
B Std. Error Beta Tolerance VIF 
1 (Constant) 94.097 1.253  75.126 .000   
% of Families Making Less Than $35,000 -1.422 .085 -.830 -16.680 .000 1.000 1.000 
2 (Constant) 77.471 4.304  18.000 .000   
% of Families Making Less Than $35,000 -1.096 .114 -.639 -9.586 .000 .496 2.015 
Married Families with Children Under 18 .517 .129 .268 4.018 .000 .496 2.015 
3 (Constant) 87.234 5.798  15.045 .000   
% of Families Making Less Than $35,000 -1.058 .113 -.617 -9.350 .000 .487 2.053 
 Married Families with Children Under 18 .369 .140 .191 2.640 .009 .404 2.474 
25 and Over  HS Graduate -.239 .097 -.147 -2.455 .015 .593 1.686 
a. Dependent Variable: 2011 CMT Grade 6 Math% At or Above Goal  Predictive Algorithm 2011 Math 
Utilizing the three variables identified through the hierarchical regression process 
(percentage of families making less than $35,000 per year, the percentage of all married families 
with children under 18, and the percentage of individuals over 25 with a high school diploma), 
the variables were run through predictive formula (Maylone, 2002): 
Ai (Xi) + Aii (Xii) + Aiii (Xiii) + Aiiii (Xiiii) … + Constant = Y 
Ai = β predictor  
Y = predicted Math or Reading CMT scores (Student Achievement) 
Xi = community demographic predictor variable #1 (% of families making > $35K) 
Xii = community demographic predictor variable #2 (married families with children  
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         under 18 
Xiii = community demographic predictor variable #3 (% 25 and over w/H.S. Diploma) 
The unstandardized betas (β) from Table 14, Hierarchical Regression Coefficients Table 
for 2011 CMT Math Grade 6: 3 Predictor Variables, are used in the algorithm as follows:   
(β for % of families making > $35K * % of Families making > $35K) + (β for married families 
with children under 18 * married families with children under 18) + (β for % 25 and over w/H.S. 
diploma * % 25 and over w/H.S. diploma) + Constant of 87.234 = Predicted student achievement 
on + standard error of 7.364. 
Table 15 
Betas for Predictor Variables 2011 CMT Math Grade 6 
3  Unstandardized Betas Standard Error 
% of Families Making Less Than $35,000 -1.058 +7.364 
All Married Families with Kids Under 18 .369  
25 and Over  HS Graduate -.239   The difference between the predicted and actual percentages of students scoring at or 
above Goal on the CMT was then calculated.  Differences found to be within the standard error 
were deemed accurate at the 95% confidence interval (Field, 2009).  Differences between the 
predicted and actual percentages larger than the standard error were deemed inaccurate.   
 For the 2011 Math CMT for Grade 6, the predictor variables identified in Model 3 of the 
hierarchical regression were able to predict the percentages of students scoring at or above Goal 
for the 89 school districts with an accuracy of 69.5% (See Appendix A). 
2012 
The descriptive statistics were calculated for the 2012 CMT Grade 6 data and the nine 
community demographic variables grouped as family human capital and community social 
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capital.  The mean percentage of Grade 6 students in the 130 Connecticut school districts who 
achieved at or above Goal on the 2012 Math CMT was 74.64% with a standard deviation of 
16.388.  The median district percentage for students scoring at or above Goal on the 2012 Math 
CMT in Grade 6 was 79.45%.    
The analysis of the skewness revealed that the data set was skewed as it exceeded the ± 
1.000 threshold with a measurement of -1.136 and did not meet the assumption of normality and 
did not fall within acceptable limits (Field, 2009).    The box plot revealed the three outlier 
districts, New Britain with only 21% of Grade 6 students scoring at or above Goal on the 2012 
Math CMT, New London with 28% of the students scoring at or above Goal on the 2012 Math 
CMT, and Windham with 30% of the district’s Grade 6 students scoring at or above Goal.  New 
Britain, New London, and Windham are member districts in DRG I.  The next closest district 
was East Hartford with 35% of Grade 6 students scoring at or above Goal.  East Hartford 
remained as part of the data set and is a member of DRG H.  
With the three outliers removed, the descriptive statistics changed (See Table 16).  The 
analysis of the skewness, once outliers were removed, met the assumption of normality and fell 
within acceptable limits (Field, 2009) not exceeding the ± 1.000 threshold with a measurement of 
-.953.  The mean percentage of Grade 6 students in the 127 Connecticut school districts who 
achieved at or above Goal on the 2012 Math CMT was 75.79% with a standard deviation of 
14.728.  The median district percentage for students scoring at or above Goal on the 2012 Math 
CMT in Grade 6 was 79.60%. 
 
 
 
107  
  
Table 16 
2012 CMT Math Grade 6 Descriptive Statistics Dependent Variable Table with Outliers Removed, N=127 
 Statistic Std. Error 
2012 CMT Grade 6 Math% At 
or Above Goal 
Mean 75.79 1.307 
95% Confidence Interval for 
Mean 
Lower Bound 73.21  
Upper Bound 78.38  
5% Trimmed Mean 76.84  
Median 79.60  
Variance 216.918  
Std. Deviation 14.728  
Minimum 35  
Maximum 95  
Range 60  
Interquartile Range 19  
Skewness -.953 .215 
Kurtosis .370 .427 
  
  Figure 3.  Histogram of 2012 CMT Math Grade 6: Percentage students at or above Goal with three outliers removed, N=127. 
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  Figure 4. Box plot of 2012 CMT Math Grade 6: Percentage students at or above Goal with three outliers removed, N=127.  
Simultaneous Multiple Regression 2012 Math 
Simultaneous multiple regression with all nine independent variables was run.  The r for 
the model was .842 and the R-squared for the regression .709 with a standard error of 8.239.  The 
R-squared of .709 indicated that 70.9% of the variance in 2012 district Math CMT scores can be 
accounted for by the nine independent variables: (1) percentage of families making less than 
$35,000, (2) percentage of families with children under 18 living in poverty for 12 months, (3) 
percentage of lone-parent households (total), (4) percentage of married families with children 
under 18, (5) percentage of female households in poverty, (6) percentage of households making 
more than $200,000, (7) percentage of the population living in poverty, (8) percentage of the 
population (25 years and older) without a high school diploma, and (9) percentage of the 
population (25 years and older) with a high school diploma. The ANOVA results show the 
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regressions statistically significant (F(9, 117) = 31.736, p = .000; p < .05).  The ANOVA results 
are shown below in Table 17. 
Table 17 
ANOVA for 2012 CMT Math Grade 6 
Model Sum of Squares df Mean Square F Sig. 
1 Regression 19389.238 9 2154.360 31.736 .000b 
Residual 7942.397 117 67.884   
Total 27331.635 126    
a. Dependent Variable: 2012 CMT Grade 6 Math% At or Above Goal 
b. Predictors: (Constant), % of All People Under Poverty for 12 Months, 25 and Over  HS Graduate, % of Female Households in 
Poverty, All Married Families with Kids Under 18, Lone-Parent Household, % of Households Making More Than $200,000, 25 and 
Over No HS Diploma, % of Families Making Less Than $35,000, All families With Kids Under 18, Below Poverty 
Table 18 below reports the VIF values for all 9 predictor variables prior to multiple 
simultaneous regression models being run.  Several variables were excluded, allowing for the 
strongest model to be identified.   
Table 18 
Coefficients Table for 2012 CMT Math Grade 6 
Model 
Unstandardized 
Coefficients 
Standardized 
Coefficients 
t Sig. 
Collinearity 
Statistics 
B 
Std. 
Error Beta Tolerance VIF 
1 (Constant) 102.859 7.187  14.312 .000   
% of Families Making Less Than $35,000 -.622 .278 -.344 -2.239 .027 .105 9.487 
 Families With Children Under 18, Below Poverty -.374 .421 -.169 -.887 .377 .069 14.583 
Lone-Parent Household -.410 .377 -.097 -1.087 .279 .310 3.222 
All Married Families with Children Under 18 .044 .187 .022 .233 .816 .291 3.434 
% of Female Households in Poverty .186 .119 .138 1.560 .121 .318 3.141 
% of Households Making More Than $200,000 -.029 .143 -.021 -.201 .841 .238 4.199 
25 and Over No HS Diploma -.092 .376 -.031 -.245 .807 .158 6.312 
25 and Over HS Graduate -.509 .168 -.302 -3.027 .003 .250 3.996 
% of All People Under Poverty for 12 Months -.416 .432 -.143 -.962 .338 .113 8.880 
a. Dependent Variable: 2012 CMT Grade 6 Math% At or Above Goal 
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 The two predictor variables, (1) percentage of all people 25 and older with a high school 
diploma and (2) percentage of families making less than $35,000 per year, were found to be 
statistically significant and did not have multicollinearity issues.  A simultaneous multiple 
regression was run with the two variables.  The r for the model was .832 and the R-squared for 
the regression .692 with a standard error of 8236.  The R-squared of .692 indicated that 69.2% of 
the variance in 2012 district Math CMT scores can be accounted for by the two predictor 
variables identified in the strongest model.   Table 19 reports the ANOVA results show the 
regressions statistically significant (F(2, 124) = 139.449, p = .000; p < .05).  Table 20 reports the 
beta and VIF values for this model. 
Table 19 
ANOVA Table for 2012 CMT Math Grade 6: 2 Predictor Variables 
Model Sum of Squares df Mean Square F Sig. 
1 Regression 18919.776 2 9459.888 139.449 .000b 
Residual 8411.859 124 67.838   
Total 27331.635 126    
a. Dependent Variable: 2012 CMT Grade 6 Math% At or Above Goal 
b. Predictors: (Constant), 25 and Over  HS Graduate, % of Families Making Less Than $35,000  Table 20 
Coefficients Table for 2012 CMT Math Grade 6: 2 Predictor Variables 
Model 
Unstandardized 
Coefficients 
Standardized 
Coefficients 
t Sig. 
Collinearity 
Statistics 
B 
Std. 
Error Beta Tolerance VIF 
1 (Constant) 102.846 2.434  42.251 .000   
% of Families Making Less Than $35,000 -1.185 .105 -.655 -11.236 .000 .730 1.369 
25 and Over  HS Graduate -.465 .098 -.276 -4.726 .000 .730 1.369 
a. Dependent Variable: 2012 CMT Grade 6 Math% At or Above Goal  
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Hierarchical Regression 2012 Math 
 A hierarchical regression model was built using the strongest predictor variables from the 
initial simultaneous regression model for the 2012 CMT Math for Grade 6.  The hierarchical 
regression model identified the combination of statistically significant variables that explained 
the most variance in 2012 CMT district Math scores for Grade 6 and was used to create the 
predictive algorithm for Connecticut district CMT scores. 
 The hierarchical regression was run for the two predictor variables to identify the amount 
of variance each predictor variable is contributing to the total percentage of Connecticut district 
students scoring at or above Goal on the 2012 Math CMT.  In the first model, the r value was 
.798 with an R-squared value of .637 with a standard error 8.912. The percentage of families 
making less than $35,000 per year accounts for 63.7% of the variance.  F(1, 125) = 219.148, 
p=.000, p < .05.  In Model 2, the r value was .832 with an R-squared value of .692 with a 
standard error 8.236.  The percentage of families making less than $35,000 per year and the 
percentage of individuals over 25 with a high school diploma contributed to 69.2% of the 
variance in district scores of students at or above Goal.  The R-squared change from Model 1 to 
Model 2 was 5.5% and statistically significant, F(1, 124) = 22.339, p=.000, p < .05.  Although 
the R-squared change from Model 1 to Model 2 was statistically significant, it was, however, 
very small.   
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Table 21 
Hierarchical Regression ANOVA for 2012 CMT Math Grade 6: 2 Predictor Variables 
Model Sum of Squares df Mean Square F Sig. 
1 Regression 17404.360 1 17404.360 219.148 .000b 
Residual 9927.275 125 79.418   
Total 27331.635 126    
2 Regression 18919.776 2 9459.888 139.449 .000c 
Residual 8411.859 124 67.838   
Total 27331.635 126    
a. Dependent Variable: 2012 CMT Grade 6 Math% At or Above Goal 
b. Predictors: (Constant), % of Families Making Less Than $35,000 
c. Predictors: (Constant), % of Families Making Less Than $35,000, 25 and Over  HS Graduate  Table 22, Hierarchical Regression Coefficients Table for 2012 CMT Math Grade 6: 2 
Predictor Variables, reports the unstandardized beta values for each predictor variable within the 
three models and the accompanying t values, statistical significance, and VIF. 
Table 22 
Hierarchical Regression Coefficients Table for 2012 CMT Math Grade 6: 2 Predictor Variables 
Model 
Unstandardized 
Coefficients 
Standardized 
Coefficients 
t Sig. 
Collinearity Statistics 
B 
Std. 
Error Beta Tolerance VIF 
1 (Constant) 93.138 1.414  65.890 .000   
% of Families Making Less Than $35,000 -1.443 .097 -.798 -14.804 .000 1.000 1.000 
2 (Constant) 102.846 2.434  42.251 .000   
% of Families Making Less Than $35,000 -1.185 .105 -.655 -11.236 .000 .730 1.369 
25 and Over  HS Graduate -.465 .098 -.276 -4.726 .000 .730 1.369 
a. Dependent Variable: 2012 CMT Grade 6 Math% At or Above Goal   
Predictive Algorithm 2012 Math 
Utilizing the two variables identified through the hierarchical regression process 
(percentage of families making less than $35,000 per year, the percentage of individuals over 25 
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with a high school diploma, and percentage of households with a female head with children 
under 18), the variables were run through a predictive formula (Maylone, 2002): 
Ai (Xi) + Aii (Xii) … + Constant = Y 
Ai = β predictor  
Y = predicted Math or Reading CMT scores (student achievement) 
Xi = community demographic predictor variable #1 (% of families making > $35K) 
Xii = community demographic predictor variable #2 (% 25 and over w/ H.S. diploma) 
The unstandardized betas (β) from Table 22, Hierarchical Regression Coefficients Table 
for 2012 CMT Math Grade 6: Two Predictor Variables, are used in the algorithm as follows.  (β 
for % of families making > $35K * % of families making > $35K) + (β for % 25 and over w/ 
H.S. diploma * % 25 and over w/ H.S. diploma) + Constant of 102.846= Predicted student 
achievement on + standard error of 8.236. 
Table 23 
Betas for Predictor Variables for 2012 CMT Math Grade 6  
2  Unstandardized Betas Standard Error 
% of Families Making Less Than $35,000 -1.185 +8.236 
25 and Over  HS Graduate -.465   The difference between the predicted and actual percentages of students scoring at or 
above Goal on the CMT was then calculated.  Differences found to be within the standard error 
were deemed accurate at the 95% confidence interval (Field, 2009).  Differences between the 
predicted and actual percentages larger than the standard error were deemed inaccurate.   
 For the 2012 Math CMT for Grade 6, the predictor variables identified in Model 2 of the 
hierarchical regression were able to predict the percentages of students scoring at or above Goal 
for 93 school districts out of 127 correctly for an accuracy rate of 73.2% (See Appendix B). 
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2013 
Descriptive statistics were calculated for the 2013 CMT Grade 6 data and the nine 
community demographic variables grouped as family human capital and community social 
capital (See Table 24).  The mean percentage of Grade 6 students in the 130 Connecticut school 
districts who achieved at or above Goal on the 2013 Math CMT was 73.04% with a standard 
deviation of 16.406.  The median district percentage for students scoring at or above Goal on the 
2013 Math CMT in Grade 6 was 76.55%.   
An analysis of the skewness revealed that the data met the assumption of normality with 
a measurement of -.893, as the skewness figures are within acceptable limits and did not exceed 
+ 1.000 (Field, 2009).   Therefore, no district outliers were removed from the data set.  The 
histogram (Figure 3) and box plot (Figure 4) show the distribution of district scores.   
Table 24 
2013 CMT Math Grade 6 Descriptive Statistics for Dependent Variable _____________________________________________________________________________ 
 
2013 CMT Grade 6 Math% At or Above Goal Mean 73.04 1.439 
95% Confidence Interval for 
Mean 
Lower Bound 70.19  
Upper Bound 75.88  
5% Trimmed Mean 74.15  
Median 76.55  
Variance 269.170  
Std. Deviation 16.406  
Minimum 22  
Maximum 95  
Range 74  
Interquartile Range 25  
Skewness -.893 .212 
Kurtosis .314 .422 
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Figure 5. Histogram of 2013 CMT Math Grade 6: Percentage students at or above Goal, N=130.  
  Figure 6. Box plot of 2013 CMT Math Grade 6: Percentage students at or above Goal, N=130.  
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Simultaneous Multiple Regression 2013 Math 
Simultaneous multiple regression with all nine independent variables was run.  The r for 
the model was .850 and the R-squared for the regression .722 with a standard error of the 
estimate of 8.961.  The R-squared of .722 indicated that 72.2% of the variance in 2013 district 
Math Grade 6 CMT scores can be accounted for by the nine independent variables: (1) 
percentage of families making less than $35,000, (2) percentage of families with children under 
18 living in poverty for 12 months, (3) percentage of lone-parent households (total), (4) 
percentage of married families with children under 18, (5) percentage of female households in 
poverty, (6) percentage of households making more than $200,000, (7) percentage of the 
population living in poverty, (8) percentage of the population (25 years and older) without a high 
school diploma and (9) percentage of the population (25 years and older) with a high school 
diploma.  The ANOVA results show the regressions statistically significant (F(9, 120) = 34.714, 
p = .000; p < .05). 
Table 25 
ANOVA Table for the 2013 CMT Math Grade 6 
 
Model Sum of Squares df Mean Square F Sig. 
1 Regression 25087.243 9 2787.471 34.714 .000b 
Residual 9635.720 120 80.298   
Total 34722.963 129    
a. Dependent Variable: 2013 CMT Grade 6 Math% At or Above Goal 
b. Predictors: (Constant), Lone-parent Household, % of Households Making More Than $200,000, % of Female Households in 
Poverty, All Married Families with Kids Under 18, 25 and Over  HS Graduate, 25 and Over No HS Diploma, % of All People Under 
Poverty for 12 Months, % of Families Making Less Than $35,000, All families With Kids Under 18, Below Poverty  Table 26 below reports the VIF values for all 9 predictor variables prior to multiple 
simultaneous regression models were run.  Several variables were excluded, allowing for the 
strongest model to be identified.   
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Table 26 
Coefficients Table for the 2013 CMT Math Grade 6 
Model 
Unstandardized 
Coefficients 
Standardized 
Coefficients 
t Sig. 
Collinearity 
Statistics 
B 
Std. 
Error Beta Tolerance VIF 
1 (Constant) 97.580 7.803  12.506 .000   
% of Families Making Less Than $35,000 -.709 .301 -.378 -2.358 .020 .090 11.121 
All families With Kids Under 18, Below Poverty -.394 .435 -.176 -.908 .366 .062 16.221 
All Married Families with Kids Under 18 .350 .203 .159 1.729 .086 .275 3.643 
% of Female Households in Poverty .353 .128 .241 2.756 .007 .301 3.318 
% of Households Making More Than $200,000 -.210 .155 -.134 -1.354 .178 .235 4.260 
% of All People Under Poverty for 12 Months .227 .469 .075 .483 .630 .096 10.401 
25 and Over No HS Diploma -.586 .404 -.187 -1.450 .150 .140 7.165 
25 and Over  HS Graduate -.579 .182 -.307 -3.180 .002 .248 4.035 
Lone-parent Household -.593 .409 -.131 -1.450 .150 .282 3.548 
a. Dependent Variable: 2013 CMT Grade 6 Math% At or Above Goal  The four predictor variables, (1) percentage of families making less than $35,000 per 
year, (2) percentage of all individuals 25 and older with a high school diploma, (3) the 
percentage of female households in poverty, and (4) the percentage of lone-parent households, 
were found to be statistically significant and did not have collinearity issues.  A simultaneous 
multiple regression was run with the four variables.  
The r value for the model was .841, and the R-squared for the regression was .707 with a 
standard error of the estimate of 9.017.  Table 27 reports ANOVA results show the regressions 
statistically significant, (F(4, 125) = 75.520, p = .000; p < .05).  Table 28 reports the beta and 
VIF values for this model. 
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Table 27 
ANOVA Table for 2013 CMT Math Grade 6: 4 Variables 
Model Sum of Squares df Mean Square F Sig. 
1 Regression 24560.029 4 6140.007 75.520 .000b 
Residual 10162.934 125 81.303   
Total 34722.963 129    
a. Dependent Variable: 2013 CMT Grade 6 Math% At or Above Goal 
b. Predictors: (Constant), Lone-Parent Household, 25 and Over HS Graduate, % of Female Households in 
Poverty, % of Families Making Less Than $35,000 
 Table 28, Coefficients Table for 2013 CMT Math Grade 6: Predictor Variables, reports 
the unstandardized beta values for each predictor variable within the one model with four 
predictor variables and the accompanying t values, statistical significance, and VIF. 
Table 28 
Coefficients Table for 2013 CMT Math Grade 6: 4 Variables 
Model 
Unstandardized 
Coefficients 
Standardized 
Coefficients 
t Sig. 
Collinearity 
Statistics 
B 
Std. 
Error Beta Tolerance VIF 
1 (Constant) 105.138 2.881  36.499 .000   
% of Families Making Less Than $35,000 -1.154 .184 -.615 -6.273 .000 .243 4.107 
% of Female Households in Poverty .271 .102 .185 2.663 .009 .484 2.065 
25 and Over HS Graduate -.553 .107 -.293 -5.145 .000 .720 1.389 
Lone-Parent Household -.810 .398 -.179 -2.034 .044 .301 3.325 
a. Dependent Variable: 2013 CMT Grade 6 Math% At or Above Goal   Hierarchical Multiple Regression 2013 Math 
A hierarchical regression model was built using the strongest predictor variables from the 
initial simultaneous regression model for the 2013 CMT Math for Grade 6.  The hierarchical 
regression model identified the combination of statistically significant variables that explained 
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the most variance in 2013 CMT district Math scores for Grade 6 and was used to create the 
predictive algorithm for Connecticut district CMT scores.  Where the past models for the CMT 
testing years had three or two predictor variables, 2013 had four predictor variables, which 
accounted for the most variance in district test scores of students achieving at or above Goal. 
 Table 29, Hierarchical Regression Model Summary Table for 2013 CMT Math Grade 6: 
4 Predictor Variables, identifies the amount of variance each predictor variable is contributing to 
the total percentage of Connecticut district students scoring at or above Goal on the 2013 Math 
CMT.  In the first model, the percentage of families making less than $35,000 per year accounts 
for 61.9% of the variance.  In Model 2, the percentage of families making less than $35,000 per 
year and the percentage of individuals 25 and over with a high school diploma contributed to 
68.4% of the variance in district scores of students at or above Goal.  The R-squared change 
from Model 1 to Model 2 was 6.5% and statistically significant F(1, 127) = 26.246, p=.000, p < 
.05.  In Model 3, the percentage of families making less than $35,000 per year, the percentage of 
individuals 25 and over with a high school diploma, and the percentage of female households in 
poverty contributed to 69.8% of the variance in district scores.  The R-squared change from 
Model 2 to Model 3 was 1.3%, which is small although statistically significant, F(1, 26) = 5.552, 
p=.020, p < .05.  Model 4 included the percentage of families making less than $35,000 per year, 
the percentage of individuals 25 and over with a high school diploma, the percentage of female 
households in poverty, and the percentage of lone-parent households.  Model 4 accounted for 
70.7% of the variance in district scores for Grade 6 students who achieved at or above Goal on 
the 2013 CMT in Math. The R-squared change for Model 4 was 1.0% and was statistically 
significant, F(1, 125) = 4.137, p=.044, p < .05. 
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Table 29 
Hierarchical Regression Model Summary for 2013 CMT Math Grade 6: 4 Predictor Variables 
Model R R Square 
Adjusted 
R Square 
Std. Error of 
the Estimate 
Change Statistics 
R Square 
Change F Change df1 df2 
Sig. F 
Change 
1 .787a .619 .616 10.166 .619 208.011 1 128 .000 
2 .827b .684 .679 9.291 .065 26.246 1 127 .000 
3 .835c .698 .690 9.128 .013 5.552 1 126 .020 
4 .841d .707 .698 9.017 .010 4.137 1 125 .044 
a. Predictors: (Constant), % of Families Making Less Than $35,000 
b. Predictors: (Constant), % of Families Making Less Than $35,000, 25 and Over  HS Graduate 
c. Predictors: (Constant), % of Families Making Less Than $35,000, 25 and Over  HS Graduate, % of Female Households in Poverty 
d. Predictors: (Constant), % of Families Making Less Than $35,000, 25 and Over  HS Graduate, % of Female Households in Poverty, 
Lone-parent Household  Table 30 
Hierarchical Regression ANOVA Table for 2013 CMT Math Grade 6: 4 Predictor Variables 
Model Sum of Squares df Mean Square F Sig. 
1 Regression 21495.600 1 21495.600 208.011 .000b 
Residual 13227.363 128 103.339   
Total 34722.963 129    
2 Regression 23760.989 2 11880.495 137.642 .000c 
Residual 10961.974 127 86.315   
Total 34722.963 129    
3 Regression 24223.637 3 8074.546 96.901 .000d 
Residual 10499.326 126 83.328   
Total 34722.963 129    
4 Regression 24560.029 4 6140.007 75.520 .000e 
Residual 10162.934 125 81.303   
Total 34722.963 129    
a. Dependent Variable: 2013 CMT Grade 6 Math% At or Above Goal 
b. Predictors: (Constant), % of Families Making Less Than $35,000 
c. Predictors: (Constant), % of Families Making Less Than $35,000, 25 and Over  HS Graduate 
d. Predictors: (Constant), % of Families Making Less Than $35,000, 25 and Over  HS Graduate, % of Female Households in Poverty 
e. Predictors: (Constant), % of Families Making Less Than $35,000, 25 and Over  HS Graduate, % of Female Households in Poverty, Lone-parent 
Household 
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Table 31, Hierarchical Regression Coefficients Table for 2013 CMT Math Grade 6:  4 
Predictor Variables, reports the unstandardized beta values for each predictor variable within the 
four models and the accompanying t values, statistical significance, and VIF. 
Table 31 
Hierarchical Regression Coefficients Table for 2013 CMT Math Grade 6: 4 Predictor Variables 
Model 
Unstandardized 
Coefficients 
Standardized 
Coefficients 
t Sig. 
Collinearity 
Statistics 
B Std. Error Beta Tolerance VIF 
1 (Constant) 91.542 1.562  58.590 .000   
% of Families Making Less Than $35,000 -1.476 .102 -.787 -14.423 .000 1.000 1.000 
2 (Constant) 103.532 2.742  37.762 .000   
% of Families Making Less Than $35,000 -1.180 .110 -.629 -10.742 .000 .724 1.380 
25 and Over  HS Graduate -.565 .110 -.300 -5.123 .000 .724 1.380 
3 (Constant) 102.950 2.705  38.057 .000   
% of Families Making Less Than $35,000 -1.397 .142 -.745 -9.855 .000 .420 2.379 
25 and Over  HS Graduate -.570 .108 -.302 -5.253 .000 .724 1.381 
% of Female Households in Poverty .240 .102 .164 2.356 .020 .495 2.019 
4 (Constant) 105.138 2.881  36.499 .000   
% of Families Making Less Than $35,000 -1.154 .184 -.615 -6.273 .000 .243 4.107 
25 and Over  HS Graduate -.553 .107 -.293 -5.145 .000 .720 1.389 
% of Female Households in Poverty .271 .102 .185 2.663 .009 .484 2.065 
Lone-parent Household -.810 .398 -.179 -2.034 .044 .301 3.325 
a. Dependent Variable: 2013 CMT Grade 6 Math% At or Above Goal   
Predictive Algorithm 2013 Math 
Utilizing the four variables identified through the hierarchical regression process 
(percentage of families making less than $35,000 per year, and the percentage of individuals over 
25 with a high school diploma, percentage of female households in poverty, and percentage of 
lone-parent households), the variables were run through a predictive formula (Maylone, 2002): 
Ai (Xi) + Aii (Xii) + Aiii (Xiii) + Aiiii (Xiiii) … + Constant = Y 
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Ai = β predictor  
Y = predicted Math or Reading CMT scores (Student Achievement) 
Xi = community demographic predictor variable #1 (% of Families making > $35K) 
Xii = community demographic predictor variable #2 (% 25 and over w/ H.S. diploma) 
Xiii = community demographic predictor variable #3 (% Female households in poverty) 
Xiiii = community demographic predictor variable #4 (% lone-parent households) 
The unstandardized betas (β) from Table 32, Hierarchical Regression Coefficients Table for 
2013 CMT Math Grade 6: 4 Predictor Variables, are used in the algorithm as follows.   
(β for % of families making > $35K * % of families making > $35K) + (β for % 25 and over w/ 
H.S. diploma * % 25 and over w/ H.S. diploma) (β for % female households in poverty * % 
female households in poverty) + (β for % lone-parent households * % lone-parent households) + 
the Constant of 105.138 = Predicted student achievement on CMT + standard error of 9.017. 
Table 32 
Betas for Predictor Variables for 2013 CMT Math Grade 6 
Predictor Variables Unstandardized Betas Standard Error 
% of Families Making Less Than $35,000 -1.154 +9.017 
% of Female Households in Poverty .271  
25 and Over  HS Graduate -.553  
Lone-parent Household -.810    
The difference between the predicted and actual percentages of students scoring at or 
above Goal on the CMT was then calculated.  Differences found to be within the standard error 
were deemed accurate at the 95% confidence interval (Field, 2009).  Differences between the 
predicted and actual percentages larger than the standard error were deemed inaccurate.   
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 For the 2013 Math CMT for Grade 6, the predictor variables identified in Model 4 of the 
hierarchical regression were able to predict the percentages of students scoring at or above Goal 
for the 97 school districts with an accuracy of 74.6% (See Appendix C). 
Summary of Results for CMT Math 
Table 33 
Summary of Hierarchical Regression & Predictive Models for the 2011, 2012, 2013 Math CMT  
 
Dependent Variable Predictor Variables Amount of Variance % Correctly Predicted Using Algorithm 
 % of Families Making Less Than $35,000 68.8% **  
2011 Math CMT Grade 6 All Married Families with Kids Under 18 3.6% ** 69.5% 
 25 and Over  HS Graduate 1.3% *  
2012 Math CMT Grade 6 % of Families Making Less Than $35,000 63.7% ** 73.2% 25 and Over  HS Graduate 5.5% ** 
 % of Families Making Less Than $35,000 61.9% **  
2013 Math CMT Grade 6 % of Female Households in Poverty 6.5% ** 74.6% 
 25 and Over  HS Graduate 1.3% **  
 Lone-parent Household 1.0% *  
** significant at the 0.01 level.  *  significant at the 0.05 level. 
CMT Reading 
2011 
Similarly to the CMT Math Grade 6, descriptive statistics were calculated for the 2011 
CMT Reading Grade 6 data and the nine community demographic variables grouped as family 
human capital and community social capital.  The mean percentage of Grade 6 students in the 
130 Connecticut school districts who achieved at or above Goal on the 2011 Reading CMT was 
80.56% with a standard deviation of 13.104.  The median district percentage for students scoring 
at or above Goal on the 2011 Reading CMT in Grade 6 was 83.69%.   
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The analysis of the skewness revealed that the data set was skewed, as it exceeded the ± 
1.000 threshold with a measurement of -1.295 and did not meet the assumption of normality and 
did not fall within acceptable limits (Field, 2009).   The box plot revealed the four outlier 
districts, Windham (DRG I) with only 36% of Grade 6 students scoring at or above Goal on the 
2011 Reading CMT, New Britain (DRG I) with 37% of Grade 6 students scoring at or above 
Goal on the 2011 Reading CMT, New London (DRG I) with 44% of the students scoring at or 
above Goal on the 2011 Reading CMT, and East Hartford (DRG H) with 45% of the district’s 
Grade 6 students scoring at or above Goal.  The next closest district was Bridgeport (DRG I) 
with 47% of Grade 6 students scoring at or above Goal, which remained in the data set. 
An analysis of the skewness, once some of the outliers in the data set were removed, 
revealed that the data met the assumption of normality, as the skewness figures are within 
acceptable limits  and did not exceed +- 1.000 (Field, 2009).   The skewness figure noted in 
Table 34 for 2011 Reading 6 CMT is -.980.  The histogram (Figure 7) and box plot (Figure 8) 
show the distribution of district scores.  The district scores removed from the data set were from 
the lowest DRG’s, mainly from DRG I with the exception of East Hartford from DRG H. 
With the four outliers removed, the descriptive statistics changed slightly and are 
reported in Table 34 below.  The mean percentage of Grade 6 students in the 126 Connecticut 
school districts who achieved at or above Goal on the 2011 Reading CMT was 81.83% with a 
standard deviation of 11.133.  The median district percentage for students scoring at or above 
Goal on the 2011 Math CMT in Grade 6 was 84.55%. 
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Table 34 
2011 CMT Reading Grade 6 Descriptive Statistics Dependent Variable Table with Outliers Removed, N=126  
Statistic Std. Error 
2011 CMT Grade 6 Reading % 
At or Above Goal 
Mean 81.83 .992 
95% Confidence Interval for 
Mean 
Lower Bound 79.87  
Upper Bound 83.79  
5% Trimmed Mean 82.60  
Median 84.55  
Variance 123.942  
Std. Deviation 11.133  
Minimum 47  
Maximum 100  
Range 53  
Interquartile Range 15  
Skewness -.980 .216 
Kurtosis .698 .428   
 Figure 7. Histogram of 2011 CMT Reading Grade 6: Percentage students at or above Goal with four outliers removed, N=126. 
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  Figure 8. Box plot of 2011 CMT Reading Grade 6: Percentage students at or above Goal with four outliers removed, N=126.  
Simultaneous Multiple Regression 2011 Reading 
Simultaneous multiple regression with all nine independent variables was run.  The r for 
the model was .828 and the R-squared for the regression .685 with a standard error of 6.484. The 
R-squared of .685 indicated that 68.5% of the variance in 2011 district Reading CMT scores can 
be accounted for by the nine independent variables: (1) percentage of families making less than 
$35,000, (2) percentage of families with children under 18 living in poverty for 12 months, (3) 
percentage of lone-parent households (total), (4) percentage of married families with children 
under 18, (5) percentage of female households in poverty, (6) percentage of households making 
more than $200,000, (7) percentage of the population living in poverty, (8) percentage of the 
population (25 years and older) without a high school diploma and (9) percentage of the 
population (25 years and older) with a high school diploma.  The ANOVA results show the 
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regressions statistically significant (F(9, 116) = 28.052, p = .000; p < .05).  The ANOVA results 
are shown in Table 35 below.  
Table 35 
ANOVA for 2011 CMT Reading Grade 6 
Model Sum of Squares df Mean Square F Sig. 
1 Regression 10615.433 9 1179.493 28.052 .000b 
Residual 4877.352 116 42.046   
Total 15492.785 125    
a. Dependent Variable: 2011 CMT Grade 6 Reading % At or Above Goal 
b. Predictors: (Constant), 25 and Over HS Graduate, % of Female Households in Poverty, Lone-Parent Household, All Married 
Families with Children Under 18, 25 and Over No HS Diploma, % of Households Making More Than $200,000, % of All People 
Under Poverty for 12 Months, % of Families Making Less Than $35,000, All families With Children Under 18, Below Poverty  
Table 36 below reports the VIF values for all 9 predictor variables prior to multiple 
simultaneous regression models being run.  Several variables were excluded, allowing for the 
strongest model to be identified.   
Table 36 
Coefficients Table for 2011 CMT Reading Grade 6 
Model 
Unstandardized 
Coefficients 
Standardized 
Coefficients 
t Sig. 
Collinearity 
Statistics 
B 
Std. 
Error Beta Tolerance VIF 
1 (Constant) 92.813 5.660  16.399 .000   
% of Families Making Less Than $35,000 -.248 .219 -.179 -1.132 .260 .108 9.217 
All families With Kids Under 18, Below Poverty -.216 .342 -.126 -.630 .530 .068 14.682 
Lone-parent Household -.014 .297 -.004 -.047 .962 .319 3.136 
All Married Families with Kids Under 18 .181 .147 .118 1.226 .223 .295 3.393 
% of Female Households in Poverty .180 .095 .175 1.886 .062 .314 3.184 
% of Households Making More Than $200,000 .000 .113 .000 -.001 .999 .239 4.187 
% of All People Under Poverty for 12 Months -.739 .343 -.332 -2.157 .033 .115 8.725 
25 and Over No HS Diploma -.373 .296 -.162 -1.262 .209 .164 6.094 
25 and Over  HS Graduate -.207 .132 -.163 -1.566 .120 .252 3.968 
a. Dependent Variable: 2011 CMT Grade 6 Reading % At or Above Goal 
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 The three predictor variables, (1) percentage of all people living in poverty for 12 
months, (2) percentage of families making less than $35,000 per year, and (3) percentage of all 
individuals 25 and older with a high school diploma, were found to be statistically significant 
and did not have collinearity issues.  A simultaneous multiple regression was run with the three 
variables.  The r value for the model was .814, and the R-squared for the regression was .663 
with a standard error of 6.544.  Table 37 reports the ANOVA results show the regressions 
statistically significant F(3, 122) = 79.918, p = .000; p < .05).  Table 38 reports the beta values 
and the VIF values for this model. 
Table 37 
ANOVA Table for 2011 CMT Reading Grade 6: 3 Variables 
Model Sum of Squares df Mean Square F Sig. 
1 Regression 10267.919 3 3422.640 79.918 .000b 
Residual 5224.866 122 42.827   
Total 15492.785 125    
a. Dependent Variable: 2011 CMT Grade 6 Reading % At or Above Goal 
b. Predictors: (Constant), % of Families Making Less Than $35,000, 25 and Over  HS Graduate, % of All 
People Under Poverty for 12 Months 
 Table 38 
Coefficients Table for 2011 CMT Reading Grade 6: 3 Variables 
Model 
Unstandardized 
Coefficients 
Standardized 
Coefficients 
t Sig. 
Collinearity Statistics 
B 
Std. 
Error Beta Tolerance VIF 
1 (Constant) 100.705 1.959  51.395 .000   
25 and Over  HS Graduate -.305 .080 -.240 -3.800 .000 .695 1.438 
% of All People Under Poverty for 12 Months -.857 .259 -.385 -3.303 .001 .204 4.913 
% of Families Making Less Than $35,000 -.435 .175 -.314 -2.482 .014 .172 5.804 
a. Dependent Variable: 2011 CMT Grade 6 Reading % At or Above Goal   
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Hierarchical Multiple Regression 2011 Reading 
A hierarchical regression model was built using the strongest predictor variables from the 
initial simultaneous regression model for the 2011 CMT Reading for Grade 6.  The hierarchical 
regression model identified the combination of statistically significant variables that explained 
the most variance in 2011 CMT district Reading scores for Grade 6 and was used to create the 
predictive algorithm for Connecticut district CMT scores.  Three predictor variables accounted 
for the most variance in district test scores of students achieving at or above Goal. 
 Table 39, Hierarchical Regression Model Summary Table for 2011 CMT Reading Grade 
6: Three Predictor Variables, identifies the amount of variance each predictor variable is 
contributing to the total percentage of Connecticut district students scoring at or above Goal on 
the 2011 Reading CMT.  In the first model, the percentage of all people in poverty for 12 months 
accounted for 56.2% of the variance.  In Model 2, the percentage of all people living in poverty 
for 12 months and the percentage of families earning less than $35,000 per year accounts for 
62.3% of the variance.  The R-squared change from Model 1 to Model 2 was 6.1% and 
statistically significant F(1, 123) = 19.734, p=.000, p < .05.  In Model 3, the percentage of all 
people living in poverty for 12 months, the percentage of families earning less than $35,000 and 
the percentage of individuals 25 and over with a high school diploma contributed to 66.3% of the 
variance in district 2011 CMT Reading scores.  The R-squared change from Model 2 to Model 3 
was 4.0%, which was also statistically significant, F(1, 122) = 14.443, p=.000, p < .05. 
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Table 39 
Hierarchical Regression Model Summary for 2011 CMT Reading Grade 6: 3 Predictor Variables 
Model R R Square 
Adjusted 
R Square 
Std. Error of 
the Estimate 
Change Statistics 
R Square 
Change F Change df1 df2 
Sig. F 
Change 
1 .750a .562 .559 7.395 .562 159.312 1 124 .000 
2 .789b .623 .617 6.893 .061 19.734 1 123 .000 
3 .814c .663 .654 6.544 .040 14.443 1 122 .000 
a. Predictors: (Constant), % of All People Under Poverty for 12 Months 
b. Predictors: (Constant), % of All People Under Poverty for 12 Months, % of Families Making Less Than $35,000 
c. Predictors: (Constant), % of All People Under Poverty for 12 Months, % of Families Making Less Than $35,000, 
25 and Over HS Graduate  Table 40 
Hierarchical Regression ANOVA Table for 2011 CMT Reading Grade 6: 3 Predictor Variables 
Model Sum of Squares df Mean Square F Sig. 
1 Regression 8711.893 1 8711.893 159.312 .000b 
Residual 6780.892 124 54.685   
Total 15492.785 125    
2 Regression 9649.388 2 4824.694 101.557 .000c 
Residual 5843.398 123 47.507   
Total 15492.785 125    
3 Regression 10267.919 3 3422.640 79.918 .000d 
Residual 5224.866 122 42.827   
Total 15492.785 125    
a. Dependent Variable: 2011 CMT Grade 6 Reading % At or Above Goal 
b. Predictors: (Constant), % of All People Under Poverty for 12 Months 
c. Predictors: (Constant), % of All People Under Poverty for 12 Months, % of Families Making Less Than $35,000 
d. Predictors: (Constant), % of All People Under Poverty for 12 Months, % of Families Making Less Than $35,000, 25 and Over 
HS Graduate 
 Table 41, Hierarchical Regression Coefficients Table for 2011 CMT Reading Grade 6:  3 
Predictor Variables, reports the unstandardized beta values for each predictor variable within the 
four models and the accompanying t values, statistical significance, and VIF. 
 
131  
  
Table 41 
Hierarchical Regression Coefficients Table for 2011 CMT Reading Grade 6: 3 Predictor Variables 
Model 
Unstandardized 
Coefficients 
Standardized 
Coefficients 
t Sig. 
Collinearity 
Statistics 
B 
Std. 
Error Beta Tolerance VIF 
1 (Constant) 92.147 1.050  87.776 .000   
% of All People Under Poverty for 12 Months -1.669 .132 -.750 -12.622 .000 1.000 1.000 
2 (Constant) 94.412 1.103  85.564 .000   
% of All People Under Poverty for 12 Months -.624 .266 -.281 -2.352 .020 .215 4.640 
% of Families Making Less Than $35,000 -.734 .165 -.530 -4.442 .000 .215 4.640 
3 (Constant) 100.705 1.959  51.395 .000   
% of All People Under Poverty for 12 Months -.857 .259 -.385 -3.303 .001 .204 4.913 
% of Families Making Less Than $35,000 -.435 .175 -.314 -2.482 .014 .172 5.804 
25 and Over HS Graduate -.305 .080 -.240 -3.800 .000 .695 1.438 
a. Dependent Variable: 2011 CMT Grade 6 Reading % At or Above Goal  
Predictive Algorithm 2011 Reading 
Utilizing the three variables identified through the hierarchical regression process (the 
percentage of all people living in poverty for 12 months, the percentage of families making less 
than $35,000 per year, and the percentage of individuals over 25 with a high school diploma), the 
variables were run through a predictive formula (Maylone, 2002): 
Ai (Xi) + Aii (Xii) + Aiii (Xiii) + Aiiii (Xiiii) … + Constant = Y 
Ai = β predictor  
Y = predicted Math or Reading CMT scores (Student Achievement) 
Xi = community demographic predictor variable #1 (% people in poverty 12 months) 
Xii = community demographic predictor variable #2 (% of families making > $35K) 
Xiii = community demographic predictor variable #3 (% 25 and over with H.S. diploma) 
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The unstandardized betas (β) from Table 42, Hierarchical Regression Coefficients Table for 
2011 CMT Reading Grade 6: 3 Predictor Variables, are used in the algorithm as follows.   
(β for % people in poverty 12 months * % people in poverty 12 months) + (β for % of families 
making > $35K * % of families making > $35K) + (β for % 25 and over with H.S. diploma * % 
25 and over with H.S. diploma) + the Constant of 100.705 = Predicted student achievement on 
CMT + standard error of 6.544. 
Table 42 
Betas for Predictor Variables for the 2011 CMT Reading Grade 6 
Predictor Variables Unstandardized Betas Standard Error 
% of All People Under Poverty for 12 Months -.857 +6.544 
% of Families Making Less Than $35,000 -.435  
25 and Over HS Graduate -.305    
The difference between the predicted and actual percentages of students scoring at or above Goal 
on the CMT was then calculated.  Differences found to be within the standard error were deemed 
accurate at the 95% confidence interval (Field, 2009).  Differences between the predicted and 
actual percentages larger than the standard error were deemed inaccurate.   
 For 2011 Reading CMT for Grade 6, the predictor variables identified in Model 3 of the 
hierarchical regression were able to predict the percentages of students scoring at or above Goal 
for the 84 school districts and was 66.7% accurate (See Appendix D). 
2012 
Descriptive statistics were calculated for the 2012 CMT Reading Grade 6 data and the 
nine community demographic variables grouped as family human capital and community social 
capital.  The mean percentage of Grade 6 students in the 130 Connecticut school districts who 
achieved at or above Goal on the 2012 Reading CMT was 78.93% with a standard deviation of 
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13.360.  The median district percentage for students scoring at or above Goal on the 2012 
Reading CMT in Grade 6 was 81.65%.   
An analysis of the skewness revealed that the data set was skewed, as it exceeded the  ± 
1.000 threshold with a measurement of -1.227 and did not meet the assumption of normality and 
did not fall within acceptable limits (Field, 2009).    The box plot revealed the three outlier 
districts, New Britain with only 30% of Grade 6 students scoring at or above Goal on the 2012 
Reading CMT, New London with 40% of Grade 6 students scoring at or above Goal on the 2012 
Reading CMT, and Windham with 42% of the students scoring at or above Goal on the 2012 
Reading CMT.  New Britain, New London, and Windham are all members of DRG I.  The next 
two closest districts were Bridgeport (DRG I) and East Hartford (DRG H), both with 45% of 
Grade 6 students scoring at or above Goal, which remained in the data set. 
An analysis of the skewness, once some the three outliers in the data set were removed, 
revealed that the data met the assumption of normality, as the skewness figures are within 
acceptable limits  and did not exceed +- 1.000 (Field, 2009).   The skewness figure noted in 
Table 42 above for 2011 Reading 6 CMT is -.963.  The districts’ mean changed only slightly to 
79.91 with a standard deviation of 11.830.  The median district percentage for students scoring at 
or above Goal on the 2012 Reading CMT in Grade 6 was 82.10.  The histogram (Figure 9) and 
box plot (Figure 10) show the distribution of district scores.  The district scores removed from 
the data set were from the lowest DRG’s, mainly from DRG I, with the exception of East 
Hartford from DRG H. 
As the box plot in Figure 10 reveals, the spread of districts is very large and there are 
several more clustered outside the minimum value marker.  The districts found clustered below 
the minimum value marker are all grouped in DRG H and DRG I, the two lowest DRG’s in the 
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state of Connecticut, and have the lowest percentage of students within their districts achieving 
at or above Goal on the 2012 Reading CMT. 
Table 43 
2012 CMT Reading Grade 6 Descriptive Statistics Dependent Variable Table with Outliers Removed, N=127  
Statistic Std. Error 
2012 CMT Grade 6 Reading % At 
or Above Goal 
Mean 79.91 1.050 
95% Confidence Interval for Mean Lower Bound 77.84  
Upper Bound 81.99  
5% Trimmed Mean 80.75  
Median 82.10  
Variance 139.938  
Std. Deviation 11.830  
Minimum 45  
Maximum 97  
Range 52  
Interquartile Range 17  
Skewness -.963 .215 
Kurtosis .618 .427  
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 Figure 9. Box plot of 2012 CMT Reading Grade 6: Percentage students at or above Goal with three outliers removed, N=127.  
  Figure 10. Box plot of 2012 CMT Reading Grade 6: Percentage students at or above Goal with three outliers removed, N=127.  
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Simultaneous Multiple Regression 2012 Reading 
Simultaneous multiple regression with all nine independent variables was run.  The r for 
the model was .861 and the R-squared for the regression .741 with a standard error of 6.249. The 
R-squared of .741 indicated that 74.1% of the variance in 2012 district Reading CMT scores can 
be accounted for by the nine independent variables: (1) percentage of families making less than 
$35,000, (2) percentage of families with children under 18 living in poverty for 12 months, (3) 
percentage of lone-parent households (total), (4) percentage of married families with children 
under 18, (5) percentage of female households in poverty, (6) percentage of households making 
more than $200,000, (7) percentage of the population living in poverty (8) percentage of the 
population (25 years and older) without a high school diploma and (9) percentage of the 
population (25 years and older) with a high school diploma.  The ANOVA results show the 
regressions statistically significant (F(9, 117) = 37.165, p = .000; p < .05).  The ANOVA results 
are shown in Table 44 below.  
Table 44  ANOVA Table for 2012 CMT Reading Grade 6 
Model Sum of Squares df Mean Square F Sig. 
1 Regression 13062.908 9 1451.434 37.165 .000b 
Residual 4569.307 117 39.054   
Total 17632.214 126    
a. Dependent Variable: 2012 CMT Grade 6 Reading % At or Above Goal 
b. Predictors: (Constant), 25 and Over HS Graduate, % of Female Households in Poverty, Lone-Parent Household, All Married 
Families with Kids Under 18, 25 and Over No HS Diploma, % of Households Making More Than $200,000, % of All People 
Under Poverty for 12 Months, % of Families Making Less Than $35,000, All families With Kids Under 18, Below Poverty  Table 45 below reports the VIF values for all 9 predictor variables prior to multiple 
simultaneous regression models being run.  Several variables were excluded, allowing for the 
strongest model to be identified.   
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Table 45  Coefficients Table for 2012 CMT Reading Grade 6 
Model 
Unstandardized 
Coefficients 
Standardized 
Coefficients 
t Sig. 
Collinearity Statistics 
B 
Std. 
Error Beta Tolerance VIF 
1 (Constant) 102.579 5.451  18.817 .000   
% of Families Making Less Than $35,000 -.688 .211 -.474 -3.268 .001 .105 9.487 
All families With Kids Under 18, Below Poverty .162 .319 .091 .506 .614 .069 14.583 
Lone-parent Household -.156 .286 -.046 -.546 .586 .310 3.222 
% of Female Households in Poverty .136 .091 .125 1.496 .137 .318 3.141 
All Married Families with Children Under 18 .072 .142 .045 .511 .610 .291 3.434 
% of Households Making More Than $200,000 -.110 .108 -.098 -1.019 .310 .238 4.199 
% of All People Under Poverty for 12 Months -.513 .328 -.219 -1.565 .120 .113 8.880 
25 and Over No HS Diploma -.464 .285 -.193 -1.629 .106 .158 6.312 
25 and Over HS Graduate -.349 .127 -.257 -2.737 .007 .250 3.996 
a. Dependent Variable: 2012 CMT Grade 6 Reading % At or Above Goal  The three predictor variables, (1) percentage of families making less than $35,000 per 
year, (2) percentage of all individuals 25 and older without a high school diploma, and (3) 
percentage of all individuals 25 and older with a high school diploma, were found to be 
statistically significant and did not have collinearity issues.  A simultaneous multiple regression 
was run with the three variables.  The r value for the model was .852, and the R-squared for the 
regression was .727 with a standard error of 6.259.  Table 47 reports the ANOVA results show 
the regressions statistically significant F(3, 123) = 109.020, p = .000; p < .05).  Table 46 reports 
the beta values and the VIF for this model. 
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Table 46  ANOVA Table for 2012 CMT Reading Grade 6: 3 Predictor Variables 
Model Sum of Squares df Mean Square F Sig. 
1 Regression 12813.372 3 4271.124 109.020 .000b 
Residual 4818.842 123 39.178   
Total 17632.214 126    
a. Dependent Variable: 2012 CMT Grade 6 Reading % At or Above Goal 
b. Predictors: (Constant), 25 and Over No HS Diploma, 25 and Over HS Graduate, % of Families Making Less Than $35,000 
 Table 47  Coefficients Tabls for 2012 CMT Reading Grade 6: 3 Predictor Variables 
Model 
Unstandardized 
Coefficients 
Standardized 
Coefficients 
t Sig. 
Collinearity 
Statistics 
B 
Std. 
Error Beta Tolerance VIF 
1 (Constant) 100.330 1.853  54.142 .000   
% of Families Making Less Than $35,000 -.791 .141 -.545 -5.596 .000 .235 4.262 
25 and Over  HS Graduate -.230 .082 -.170 -2.817 .006 .612 1.634 
25 and Over No HS Diploma -.532 .256 -.221 -2.080 .040 .197 5.066 
a. Dependent Variable: 2012 CMT Grade 6 Reading % At or Above Goal  
Hierarchical Multiple Regression 2012 Reading 
A hierarchical regression model was built using the strongest predictor variables from the 
initial simultaneous regression model for the 2012 CMT Reading for Grade 6.  The hierarchical 
regression model identified the combination of statistically significant variables that explained 
the most variance in 2012 CMT district Reading scores for Grade 6 and was used to create the 
predictive algorithm for Connecticut district CMT scores.  Three predictor variables accounted 
for the most variance in district test scores of students achieving at or above Goal. 
 Table 48, Hierarchical Regression Model Summary Table for 2012 CMT Reading Grade 
6: 3 Predictor Variables, identifies the amount of variance each predictor variable is contributing 
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to the total percentage of Connecticut district students scoring at or above Goal on the 2012 
Reading CMT.  In the first model, the percentage of all families making less than $35,000 per 
year accounted for 68.2% of the variance.  In Model 2, the percentage of families earning less 
than $35,000 per year and the percentage of all individuals 25 and older without a high school 
diploma accounts for 70.9% of the variance.  The R-squared change from Model 1 to Model 2 
was 2.7% and statistically significant F(1, 124) = 11.675, p=.000, p < .05.  In Model 3, the 
percentage of families earning less than $35,000 per year, the percentage of all individuals 25 
and older without a high school diploma, and the percentage of individuals 25 and over with a 
high school diploma contributed to 72.7% of the variance in district 2012 CMT Reading scores.  
The R-squared change from Model 2 to Model 3 was 1.8%, which was also statistically 
significant, F(1, 123) = 7.937, p=.000, p < .05. 
Table 48 
Hierarchical Regression Model Summary for 2012 CMT Reading Grade 6: 3 Predictor Variables  
Model R 
R 
Square 
Adjusted 
R Square 
Std. Error of 
the Estimate 
Change Statistics 
R Square 
Change F Change df1 df2 Sig. F Change 
1 .826a .682 .679 6.701 .682 267.679 1 125 .000 
2 .842b .709 .704 6.432 .027 11.675 1 124 .001 
3 .852c .727 .720 6.259 .018 7.937 1 123 .006 
a. Predictors: (Constant), % of Families Making Less Than $35,000 
b. Predictors: (Constant), % of Families Making Less Than $35,000, 25 and Over No HS Diploma 
c. Predictors: (Constant), % of Families Making Less Than $35,000, 25 and Over No HS Diploma, 25 and Over HS Graduate  
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Table 49 
Hierarchical Regression ANOVA Table for 2012 CMT Reading Grade 6: 3 Predictor Variables 
Model Sum of Squares df Mean Square F Sig. 
1 Regression 12019.419 1 12019.419 267.679 .000b 
Residual 5612.796 125 44.902   
Total 17632.214 126    
2 Regression 12502.405 2 6251.203 151.107 .000c 
Residual 5129.809 124 41.369   
Total 17632.214 126    
3 Regression 12813.372 3 4271.124 109.020 .000d 
Residual 4818.842 123 39.178   
Total 17632.214 126    
a. Dependent Variable: 2012 CMT Grade 6 Reading % At or Above Goal 
b. Predictors: (Constant), % of Families Making Less Than $35,000 
c. Predictors: (Constant), % of Families Making Less Than $35,000, 25 and Over No HS Diploma 
d. Predictors: (Constant), % of Families Making Less Than $35,000, 25 and Over No HS Diploma, 25 and Over HS Graduate  
Table 50, Hierarchical Regression Coefficients Table for 2012 CMT Reading Grade 6: 3 
Predictor Variables, reports the unstandardized beta values for each predictor variable within the 
four models and the accompanying t values, statistical significance, and VIF. 
Table 50 
Hierarchical Regression Coefficients Table for 2012 CMT Reading Grade 6: 3 Predictor Variables 
Model 
Unstandardized 
Coefficients 
Standardized 
Coefficients 
t Sig. 
Collinearity Statistics 
B 
Std. 
Error Beta Tolerance VIF 
1 (Constant) 94.328 1.063  88.747 .000   
% of Families Making Less Than $35,000 -1.199 .073 -.826 -16.361 .000 1.000 1.000 
2 (Constant) 96.180 1.155  83.258 .000   
% of Families Making Less Than $35,000 -.766 .145 -.527 -5.285 .000 .236 4.245 
25 and Over No HS Diploma -.821 .240 -.341 -3.417 .001 .236 4.245 
3 (Constant) 100.330 1.853  54.142 .000   
% of Families Making Less Than $35,000 -.791 .141 -.545 -5.596 .000 .235 4.262 
25 and Over No HS Diploma -.532 .256 -.221 -2.080 .040 .197 5.066 
25 and Over HS Graduate -.230 .082 -.170 -2.817 .006 .612 1.634 
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a. Dependent Variable: 2012 CMT Grade 6 Reading % At or Above Goal   Predictive Algorithm 2012 Reading 
Utilizing the three variables identified through the hierarchical regression process (the 
percentage of families earning less than $35,000 per year, the percentage of all individuals 25 
and older without a high school diploma, and the percentage of individuals 25 and over with a 
high school diploma), the variables were run through a predictive formula (Maylone, 2002): 
Ai (Xi) + Aii (Xii) + Aiii (Xiii) + Aiiii (Xiiii) … + Constant = Y 
Ai = β predictor  
Y = predicted Math or Reading CMT scores (Student Achievement) 
Xi = community demographic predictor variable #1 (% of families making > $35K) 
Xii = community demographic predictor variable #2 (% 25 and over w/ no H.S. diploma) 
Xiii = community demographic predictor variable #3 (% 25 and over w/ H.S. diploma) 
The unstandardized betas (β) from Table 51, Betas for Predictor Variables for 2012 CMT 
Reading Grade 6, are used in the algorithm as follows: (β for % of families making > $35K * % 
of families making > $35K) + (β for % 25 and over with no H.S. diploma * % 25 and over with 
no H.S. diploma) + (β for % 25 and over with H.S. diploma * % 25 and over with H.S. diploma) 
+ a Constant of 100.330 = Predicted student achievement on CMT + standard error of 6.259. 
Table 51 
Betas for Predictor Variables for 2012 CMT Reading Grade 6 
Predictor Variables Unstandardized Betas Standard Error 
% of Families Making Less Than $35,000 -.791 +6.259 
25 and Over No HS Diploma -.532  
25 and Over HS Graduate -.230  
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 The difference between the predicted and actual percentages of students scoring at or 
above Goal on the CMT was then calculated.  Differences found to be within the standard error 
were deemed accurate at the 95% confidence interval (Field, 2009).  Differences between the 
predicted and actual percentages larger than the standard error were deemed inaccurate.   
 For the 2012 Reading CMT for Grade 6, the predictor variables identified in Model 3 of 
the hierarchical regression were able to predict the percentages of students scoring at or above 
Goal for 87 school districts with an accuracy of 68.5% (See Appendix E). 
2013  
Descriptive statistics were calculated for the 2013 CMT Reading Grade 6 data and the 
nine community demographic variables grouped as family human capital and community social 
capital.  The mean percentage of Grade 6 students in the 130 Connecticut school districts who 
achieved at or above Goal on the 2013 Reading CMT was 78.68% with a standard deviation of 
13.084.  The median district percentage for students scoring at or above Goal on the 2013 
Reading CMT in Grade 6 was 82.20%.  
An analysis of the skewness revealed that the data set was skewed, as it exceeded the + 
1.000 threshold with a measurement of -1.228 and therefore did not meet the assumption of 
normality and did not fall within acceptable limits (Field, 2009).  The box plot revealed the three 
outlier districts, New Britain with only 33% of Grade 6 students scoring at or above Goal on the 
2013 Reading CMT, Windham with 29% of Grade 6 students scoring at or above Goal on the 
2013 Reading CMT, and Bridgeport with 40% of Grade 6 students scoring at or above Goal on 
the 2013 Reading CMT.  The next two closest districts were New London and Waterbury, both 
with 44% of Grade 6 students scoring at or above Goal, which remained in the data set.  New 
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Britain, Windham, and Bridgeport are all districts located within DRG I, as is New London and 
Waterbury as well. 
An analysis of the skewness, once some of the outliers in the data set were removed, 
revealed that the data met the assumption of normality, as the skewness figures are within 
acceptable limits and did not exceed +- 1.000 (Field, 2009).   The skewness figure noted in Table 
52 for the 2013 Reading 6 CMT was -.961.  The districts’ mean changed only slightly to 79.66 
with a standard deviation of 11.554.  The median district percentage for students scoring at or 
above Goal on the 2013 Reading CMT in Grade 6 was 82.60.  The histogram (Figure 11) and 
box plot (Figure 12) shows the distribution of district scores.  The outliers in the data set were 
district scores belonging to DRG I, the state of Connecticut’s lowest DRG. 
Table 52 
2013 CMT Reading Grade 6 Descriptive Statistics Dependent Variable Table with Outliers Removed, N=127 
 Statistic Std. Error 
2013 CMT Grade 6 Reading % 
At or Above Goal 
Mean 79.66 1.025 
95% Confidence Interval for 
Mean 
Lower Bound 77.63  
Upper Bound 81.68  
5% Trimmed Mean 80.47  
Median 82.60  
Variance 133.490  
Std. Deviation 11.554  
Minimum 44  
Maximum 97  
Range 54  
Interquartile Range 16  
Skewness -.961 .215 
Kurtosis .633 .427 
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 Figure 11. Histogram of 2013 CMT Reading Grade 6: Percentage students at or above Goal with three outliers removed, N=127.  
  Figure 12. Box plot of 2013 CMT Reading Grade 6: Percentage students at or above Goal with three outliers removed, N=127.  
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Simultaneous Multiple Regression 2013 Reading 
Simultaneous multiple regression with all nine independent variables was run.  The r for 
the model was .822 and the R-squared for the regression .675 with a standard error of 6.833. The 
R-squared of .675 indicated that 67.5% of the variance in 2013 district Reading CMT scores can 
be accounted for by the nine independent variables: (1) percentage of families making less than 
$35,000, (2) percentage of families with children under 18 living in poverty for 12 months, (3) 
percentage of lone-parent households (total), (4) percentage of married families with children 
under 18, (5) percentage of female households in poverty, (6) percentage of households making 
more than $200,000, (7) percentage of the population living in poverty, (8) percentage of the 
population (25 years and older) without a high school diploma, and (9) percentage of the 
population (25 years and older) with a high school diploma.  The ANOVA results show the 
regressions statistically significant (F(9, 117) = 27.026, p = .000; p < .05).  The ANOVA results 
are shown in Table 53 below.  
Table 53 
ANOVA Table for 2013 CMT Reading Grade 6  
Model Sum of Squares df Mean Square F Sig. 
1 Regression 11356.877 9 1261.875 27.026 .000b 
Residual 5462.916 117 46.692   
Total 16819.793 126    
a. Dependent Variable: 2013 CMT Grade 6 Reading % At or Above Goal 
b. Predictors: (Constant), 25 and Over  HS Graduate, % of Female Households in Poverty, Lone-parent Household, All Married 
Families with Kids Under 18, 25 and Over No HS Diploma, % of Households Making More Than $200,000, % of All People 
Under Poverty for 12 Months, % of Families Making Less Than $35,000, All families With Kids Under 18, Below Poverty 
 Table 54 below reports the VIF values for all 9 predictor variables prior to multiple 
simultaneous regression models being run.  Several variables were excluded allowing for the 
strongest model to be identified 
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Table 54 
Coefficients Table for 2013 CMT Reading Grade 6 
Model 
Unstandardized 
Coefficients 
Standardized 
Coefficients 
t Sig. 
Collinearity 
Statistics 
B 
Std. 
Error Beta Tolerance VIF 
1 (Constant) 95.376 5.992  15.917 .000   
% of Families Making Less Than $35,000 -.298 .230 -.206 -1.293 .199 .109 9.180 
All families With Kids Under 18, Below Poverty -.569 .352 -.325 -1.619 .108 .069 14.539 
Lone-parent Household -.082 .314 -.024 -.261 .795 .325 3.073 
All Married Families with Kids Under 18 .341 .156 .217 2.184 .031 .282 3.546 
% of Female Households in Poverty .204 .099 .192 2.062 .041 .320 3.125 
% of Households Making More Than $200,000 -.277 .119 -.252 -2.330 .022 .237 4.217 
% of All People Under Poverty for 12 Months .084 .359 .036 .235 .814 .116 8.605 
25 and Over No HS Diploma -.575 .324 -.234 -1.777 .078 .160 6.239 
25 and Over  HS Graduate -.426 .141 -.322 -3.016 .003 .243 4.112 
a. Dependent Variable: 2013 CMT Grade 6 Reading % At or Above Goal  The three predictor variables, (1) percentage of families making less than $35,000 per 
year, (2) percentage of all individuals 25 and older without a high school diploma, and (3) 
percentage of all individuals 25 and older with a high school diploma were found to be 
statistically significant and did not have collinearity issues.  A simultaneous multiple regression 
was run with the three variables.  The r value for the model was .804, and the R-squared for the 
regression was .646 with a standard error of the estimate of 6.959.   Table 55 reports the 
ANOVA results show the regressions statistically significant F(3, 123) = 74.768, p = .000; p < 
.05).  Table 56 reports the beta values and the VIF for this model. 
Table 55  ANOVA Table for 2013 CMT Reading Grade 6: 3 Predictor Variables 
Model Sum of Squares df Mean Square F Sig. 
1 Regression 10862.965 3 3620.988 74.768 .000b 
Residual 5956.828 123 48.429   
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Total 16819.793 126    
a. Dependent Variable: 2013 CMT Grade 6 Reading % At or Above Goal 
b. Predictors: (Constant), 25 and Over No HS Diploma, 25 and Over  HS Graduate, % of Families Making Less Than $35,000 
 Table 56  Coefficients Table for 2013 CMT Grade 6 Reading: 3 Predictor Variables 
_____________________________________________________________________________ 
Model 
Unstandardized 
Coefficients 
Standardized 
Coefficients 
t Sig. 
Collinearity Statistics 
B 
Std. 
Error Beta Tolerance VIF 
1 (Constant) 99.290 2.060  48.209 .000   
% of Families Making Less Than $35,000 -.595 .156 -.412 -3.805 .000 .245 4.079 
25 and Over  HS Graduate -.223 .093 -.169 -2.414 .017 .588 1.700 
25 and Over No HS Diploma -.746 .295 -.303 -2.527 .013 .200 4.996 
a. Dependent Variable: 2013 CMT Grade 6 Reading % At or Above Goal  
Hierarchical Multiple Regression 2013 Reading 
A hierarchical regression model was built using the strongest predictor variables from the 
initial simultaneous regression model for the 2013 CMT Reading for Grade 6.  The hierarchical 
regression model identified the combination of statistically significant variables that explained 
the most variance in 2013 CMT district Reading scores for Grade 6 and was used to create the 
predictive algorithm for Connecticut district CMT scores.  Three predictor variables accounted 
for the most variance in district test scores of students achieving at or above Goal. 
 Table 57, Hierarchical Regression Model Summary Table for 2013 CMT Reading Grade 
6: 3 Predictor Variables, identifies the amount of variance each predictor variable is contributing 
to the total percentage of Connecticut district students scoring at or above Goal on the 2013 
Reading CMT.  In the first model, the percentage of all families making less than $35,000 per 
year accounted for 58.4% of the variance.  In Model 2, the percentage of families earning less 
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than $35,000 per year and the percentage of all individuals 25 and older without a high school 
diploma accounts for 62.9% of the variance.  The R-squared change from Model 1 to Model 2 
was 4.5% and statistically significant F(1, 124) = 15.166, p=.000, p < .05.  In Model 3, the 
percentage of families earning less than $35,000 per year, the percentage of all individuals 25 
and older without a high school diploma, and the percentage of individuals 25 and over with a 
high school diploma contributed to 64.6% of the variance in district 2013 CMT Reading scores.  
The R-squared change from Model 2 to Model 3 was 1.7%, which was also statistically 
significant, F(1, 123) = 5.826, p=.000, p < .05.  Table 58 reports the ANOVA results for the 
three models. 
Table 57 
Hierarchical Regression Model Summary for 2013 CMT Reading Grade 6: 3 Predictor  Variables ______________________________________________________________________  
Model R R Square 
Adjusted 
R Square 
Std. Error of 
the Estimate 
Change Statistics 
R Square 
Change 
F 
Change df1 df2 Sig. F Change 
1 .764a .584 .580 7.484 .584 175.267 1 125 .000 
2 .793b .629 .623 7.093 .045 15.166 1 124 .000 
3 .804c .646 .637 6.959 .017 5.826 1 123 .017 
a. Predictors: (Constant), % of Families Making Less Than $35,000 
b. Predictors: (Constant), % of Families Making Less Than $35,000, 25 and Over No HS Diploma 
c. Predictors: (Constant), % of Families Making Less Than $35,000, 25 and Over No HS Diploma, 25 and Over  
HS Graduate  Table 58 
Hierarchical Regression ANOVA Table for 2013 CMT Reading Grade 6: 3 Predictor Variables 
Model Sum of Squares df Mean Square F Sig. 
1 Regression 9817.775 1 9817.775 175.267 .000b 
Residual 7002.018 125 56.016   
Total 16819.793 126    
2 Regression 10580.829 2 5290.414 105.147 .000c 
Residual 6238.964 124 50.314   
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Total 16819.793 126    
3 Regression 10862.965 3 3620.988 74.768 .000d 
Residual 5956.828 123 48.429   
Total 16819.793 126    
a. Dependent Variable: 2013 CMT Grade 6 Reading % At or Above Goal 
b. Predictors: (Constant), % of Families Making Less Than $35,000 
c. Predictors: (Constant), % of Families Making Less Than $35,000, 25 and Over No HS Diploma 
d. Predictors: (Constant), % of Families Making Less Than $35,000, 25 and Over No HS Diploma, 25 and Over  HS Graduate  Table 59, Hierarchical Regression Coefficients Table for 2013 CMT Reading Grade 6: 3 
Predictor Variables, reports the unstandardized beta values for each predictor variable within the 
four models and the accompanying t values, statistical significance, and VIF. 
Table 59 
Hierarchical Regression Coefficients Table for 2013 CMT Reading Grade 6: 3 Predictor Variables _____________________________________________________________________________ 
Model 
Unstandardized 
Coefficients 
Standardized 
Coefficients 
t Sig. 
Collinearity 
Statistics 
B 
Std. 
Error Beta Tolerance VIF 
1 (Constant) 92.849 1.198  77.533 .000   
% of Families Making Less Than $35,000 -1.102 .083 -.764 -13.239 .000 1.000 1.000 
2 (Constant) 95.409 1.312  72.741 .000   
% of Families Making Less Than $35,000 -.565 .159 -.392 -3.558 .001 .247 4.054 
25 and Over No HS Diploma -1.055 .271 -.429 -3.894 .000 .247 4.054 
3 (Constant) 99.290 2.060  48.209 .000   
% of Families Making Less Than $35,000 -.595 .156 -.412 -3.805 .000 .245 4.079 
25 and Over No HS Diploma -.746 .295 -.303 -2.527 .013 .200 4.996 
25 and Over  HS Graduate -.223 .093 -.169 -2.414 .017 .588 1.700 
a. Dependent Variable: 2013 CMT Grade 6 Reading % At or Above Goal  
Predictive Algorithm 2013 Reading 
Utilizing the three variables identified through the hierarchical regression process (the 
percentage of families earning less than $35,000 per year, the percentage of all individuals 25 
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and older without a high school diploma, and the percentage of individuals 25 and over with a 
high school diploma), the variables were run through a predictive formula (Maylone, 2002): 
Ai (Xi) + Aii (Xii) + Aiii (Xiii) + Aiiii (Xiiii) … + Constant = Y 
Ai = β predictor  
Y = predicted Math or Reading CMT scores (student achievement) 
Xi = community demographic predictor variable #1 (% of families making > $35K) 
Xii = community demographic predictor variable #2 (% 25 and over w/ no H.S. diploma) 
Xiii = community demographic predictor variable #3 (% 25 and over w/ H.S. diploma) 
The unstandardized betas (β) from Table 59, Hierarchical Regression Coefficients Table for 
2013 CMT Reading Grade 6: 3 Predictor Variables, are used in the algorithm as follows: (β for 
% of families making > $35K * % of families making > $35K) + (β for % 25 and over with no 
H.S. diploma * % 25 and over with no H.S. diploma) + (β for % 25 and over with H.S. diploma * 
% 25 and over with H.S. diploma) + a Constant of 99.290 = Predicted student achievement on 
CMT + standard error of 6.959. 
Table 60 
Betas for Predictor Variables for 2013 CMT Reading Grade 6 
Predictor Variables Unstandardized Betas Standard Error 
% of Families Making Less Than $35,000 -.595 +6.959 
25 and Over No HS Diploma -.746  
25 and Over  HS Graduate -.223    The difference between the predicted and actual percentages of students scoring at or 
above Goal on the CMT was then calculated.  Differences found to be within the standard error 
were deemed accurate at the 95% confidence interval (Field, 2009).  Differences between the 
predicted and actual percentages larger than the standard error were deemed inaccurate.   
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 For the 2013 Reading CMT for Grade 6, the predictor variables identified in Model 3 of 
the hierarchical regression were able to predict the percentages of students scoring at or above 
Goal for 88 school districts with an accuracy of 69.3% (See Appendix F).  
Summary of Results for Reading 
 Table 61 
Summary of Hierarchical Regression & Predictive Models for the 2011, 2012, 2013 Reading CMT Grade 6  
Dependent Variable Predictor Variables Amount of Variance 
% of Correctly 
Predicted District 
Scores Using 
Algorithm 
 % of All People Under Poverty for 12 Months 56.2% **  
2011 Reading CMT Grade 6 % of Families Making Less Than $35,000 6.1% * 66.7% 
 25 and Over  HS Graduate 4.0% **  
 % of Families Making Less Than $35,000 68.2% **  
2012 Reading CMT Grade 6 25 and Over No HS Diploma 2.7% * 68.5% 
 25 and Over  HS Graduate 1.8% **  
 % of Families Making Less Than $35,000 58.4% **  
2013 Reading CMT Grade 6 25 and Over No HS Diploma 4.5% * 69.3% 
 25 and Over  HS Graduate 1.7% *  
** significant at the 0.01 level.  *  significant at the 0.05 level. 
Summary of Results for the Study 
The overarching research question guiding this study was the following: How accurately 
do community demographic data predict the actual percentage of students scoring at or above 
Goal at the district level on state-mandated tests in Connecticut?  This question was further 
funneled down into two specific research questions that were addressed within the statistical 
analysis of this study.  The research questions and null hypotheses were as follows: 
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Research Question 1: How accurately do community demographic data predict the 
actual percentage of students scoring at or above Goal at the district level on the CMT in 
Mathematics for Grade 6 in 2011, 2012, and 2013? 
Research Question 2: How accurately do community demographic data predict the 
actual percentage of students scoring at or above Goal at the district level on the CMT in 
Reading for Grade 6 in 2011, 2012, and 2013?  
Null Hypothesis 1: No statistically significant relationship exists between community 
demographic data to predict the actual percentage of students scoring at or above Goal at the 
district level on the CMT in Mathematics for Grade 6 in 2011, 2012, and 2013. 
Null Hypothesis 2: No statistically significant relationship exists between community 
demographic data to predict the actual percentage of students scoring at or above Goal at the 
district level on the CMT in Reading for Grade 6 in 2011, 2012, and 2013.  
Answers 
For both Research Questions 1 and 2, the null hypotheses were rejected.  The findings for 
this research study have been condensed and summarized into Tables 62 and 63 below.  Table 61 
identifies the total variance of the hierarchical regression model and the percentage of 
Connecticut school district scores that were accurately predicted using the predictive algorithm 
(Maylone, 2002) for Math and Reading CMT during the 2011, 2012, and 2013 testing years, 
utilizing only out-of-school demographic factors from the U.S. Census.  Table 63 details each 
statistically significant predictor variable (p < .05) and the amount of variance accounted for or 
the R-squared value of each hierarchical regression model.  Following Tables 62 and 63, each 
dependent variable is further addressed, summarizing the study results. 
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Table 62 
Summary of Variance Accounted for in Hierarchical Models and Accuracy of District Scores Predicted 
 2011 73.7% of variance 69.5% of district scores predicted 
Math CMT Grade 6 2012 71.0% of variance 73.2% of district scores predicted 
 2013 70.7% of variance 74.6% of district scores predicted 
 2011 66.3% of variance 66.7% of district scores predicted 
Reading CMT Grade 6 2012 72.7% of variance 68.5% of district scores predicted 
 2013 64.6% of variance 69.3% of district scores predicted 
 Table 63 
Summary of Hierarchical Regression & Predictive Models for the 2011, 2012, 2013 Math and Reading Grade 6 CMT  
Dependent Variable Predictor Variables Amount of Variance 
 % of Families Making Less Than $35,000 68.8% ** 
2011 Math CMT Grade 6 All Married Families with Children Under 18 3.6% ** 
 25 and Over HS Graduate 1.3% * 
2012 Math CMT Grade 6 % of Families Making Less Than $35,000 63.7% ** 25 and Over  HS Graduate 5.5% ** 
 % of Families Making Less Than $35,000 61.9% ** 
2013 Math CMT Grade 6 % of Female Households in Poverty 6.5% ** 
 25 and Over  HS Graduate 1.3% ** 
 Lone-Parent Household 1.0% * 
 % of All People Under Poverty for 12 Months 56.2% ** 
2011 Reading CMT Grade 6 % of Families Making Less Than $35,000 6.1% * 
 25 and Over  HS Graduate 4.0% ** 
 % of Families Making Less Than $35,000 68.2% ** 
2012 Reading CMT Grade 6 25 and Over No HS Diploma 2.7% * 
 25 and Over HS Graduate 1.8% ** 
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 % of Families Making Less Than $35,000 58.4% ** 
2013 Reading CMT Grade 6 25 and Over No HS Diploma 4.5% * 
 25 and Over HS Graduate 1.7% * 
** significant at the 0.01 level.  *  significant at the 0.05 level 
 
2011 Math CMT Grade 6. The results of this study suggest that more than 73.7% of the 
variance in Connecticut district 2011 Math CMT Grade 6 scores could be explained by out-of-
school variables.  The three out-of-school variables identified in this study to have the greatest 
influence on 2011 Math CMT Grade 6 scores were the following: (1) percentage of families 
making less than $35,000, (2) percentage of all married families with children under 18, and (3) 
percentage of individuals 25 years and older with a high school diploma. These three variables 
also predicted 69.5% of the 2011 Math CMT Grade 6 within the school districts in the sample.  
Out of the 128 district sample size, 89 districts’ scores were accurately predicted with the two 
outlier districts of New Britain and Windham removed from the original sample of 130. 
2012 Math CMT Grade 6. The results of this study suggest that more than 71.0% of the 
variance in Connecticut district 2012 Math CMT Grade 6 scores could be explained by out-of-
school variables.  The two out-of-school variables identified in this study to have the greatest 
influence on 2012 Math CMT Grade 6 scores were the following: (1) percentage of families 
making less than $35,000 and (2) percentage of individuals 25 years and older with a high school 
diploma. These two variables also predicted 73.2% of the 2012 Math CMT Grade 6 within the 
school districts in the sample.  Out of the 127 district sample size, 93 districts’ scores were 
accurately predicted when the three outlier districts of New Britain, New London, and Windham 
were removed from the original sample of 130. 
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2013 Math CMT Grade 6. The results of this study suggest that more than 70.7% of the 
variance in Connecticut district 2013 Math CMT Grade 6 scores could be explained by out-of-
school variables.  The four out-of-school variables identified in this study to have the greatest 
influence on 2013 Math CMT Grade 6 scores were the following: (1) percentage of families 
making less than $35,000, (2) percentage of female households in poverty, (3) percentage of 
individuals 25 years and older with a high school diploma, and (4) percentage of lone-parent 
households. These four variables also predicted 74.6% of the 2013 Math CMT Grade 6 within 
the school districts in the sample.  Ninety-seven out of 130 Connecticut district scores were 
accurately predicted.  
2011 Reading CMT Grade 6. The results of this study suggest that more than 66.3% of 
the variance in Connecticut district 2011 Reading CMT Grade 6 scores could be explained by 
out-of-school variables.  The three out-of-school variables identified in this study to have the 
greatest influence on 2011 Reading CMT Grade 6 scores were the following: (1) percentage of 
all people under poverty for 12 months, (2) percentage of families making less than $35,000, and 
(3) percentage of individuals 25 years and older with a high school diploma. These three 
variables also predicted 66.7% of the 2011 Reading CMT Grade 6 within the school districts in 
the sample.  Out of the 126 district sample size, 84 districts’ scores were accurately predicted 
when the four outlier districts of East Hartford, New Britain, New London, and Windham were 
removed from the original sample of 130. 
2012 Reading CMT Grade 6. The results of this study suggest that more than 72.7% of 
the variance in Connecticut district 2012 Reading CMT Grade 6 scores could be explained by 
out-of-school variables.  The three out-of-school variables identified in this study to have the 
greatest influence on 2012 Reading CMT Grade 6 scores were the following: (1) percentage of 
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families making less than $35,000, (2) percentage of individuals 25 years and older without a 
high school diploma, and (3) percentage of individuals 25 years and older with a high school 
diploma. These three variables also predicted 68.5% of the 2012 Reading CMT Grade 6 within 
the school districts in the sample.  Out of the 127 district sample size, 87 districts’ scores were 
accurately predicted when the three outlier districts New Britain, New London, and Windham 
were removed from the original sample of 130. 
2013 Reading CMT Grade 6. The results of this study suggest that more than 64.6% of 
the variance in Connecticut district 2013 Reading CMT Grade 6 scores could be explained by 
out-of-school variables.  The three out-of-school variables identified in this study to have the 
greatest influence on 2013 Reading CMT Grade 6 scores were the following: (1) percentage of 
families making less than $35,000, (2) percentage of individuals 25 years and older without a 
high school diploma, and (3) percentage of individuals 25 years and older with a high school 
diploma. These three variables also predicted 69.3% of the 2013 Reading CMT Grade 6 within 
the school districts in the sample.  Out of the 127 district sample size, 88 districts’ scores were 
accurately predicted when the three outlier districts Bridgeport, New Britain, and Windham were 
removed from the original sample of 130. 
Chapter Summary 
 This chapter detailed the statistical analysis of the simultaneous and hierarchical 
regression models to answer the overarching research question: How accurately do community 
demographic data predict the actual percentage of students scoring at or above Goal at the 
district level on the CMT in Math and Reading for Grade 6 in 2011, 2012 and 2013?  The 
unstandardized betas (β) from each hierarchical regression model of best fit (largest r and R2 
values) were run through a predictive algorithm (Maylone, 2002) to determine the accuracy in 
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which district test scores can be reliably predicted.   The percentage of students in Connecticut 
districts scoring at or above Goal within the standard error margin was then compared to the 
actual percentage of students within those districts who scored at or above Goal.  Based on the 
results of the statistical analysis provided in Chapter IV, Chapter V provides conclusions for this 
research study, recommendations for education policy and practice, and recommendations for 
future research. 
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CHAPTER V  CONCLUSIONS AND RECOMMENDATIONS 
Introduction 
The purpose for this longitudinal study was to explain the accuracy of family and 
community demographic variables found in the 2011 U.S.  Census Bureau data estimates to 
predict the percentage of students in Grade 6 who scored at or above Goal at the district level on 
the 2011, 2012, and 2013 Connecticut Mastery Test (CMT) in Mathematics and Reading.  If the 
actual percentage of students who pass the state test can be predicted using only community 
demographic variables, then what value can those results add to the reformulation of 
accountability policies that link test results to educator accountability (currently the sole basis for 
school reform decisions)?  The Coleman Report (1966) and subsequent studies (e.g., Currie, 
2009; Duncan & Murnane, 2011; Rothstein, 2004) suggest that out-of-school factors influence 
educational outcomes on standardized tests and other measures.  However, education reform 
practices continue to remain almost exclusively test-based in the post-NCLB era (Scherrer, 
2014). 
This study adds to the body of knowledge, as it is only the second study of its kind in 
Connecticut (Sackey, 2014) and is the first longitudinal, predictive study in Connecticut.  Similar 
studies have been conducted in New Jersey, Iowa, and Michigan (Angelillo, 2015; Darnell, 
2015; Fox, 2015; Jones, 2008; Maylone, 2002; McCahill, 2015; Turnamian, 2012; Turnamian & 
Tienken, 2013).  The results from those multi-grade, cross-sectional studies, and one longitudinal 
study (Tienken, 2016) in New Jersey, have illustrated the accuracy with which out-of-school 
demographic variables can be used to predict district standardized test scores reliably.  The 
ability to predict the percentage of students at the school or district level who will score at or 
above the proficiency standard on state-mandated standardized tests, without any knowledge of a 
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particular school’s characteristics, would potentially call into question the wholesale school 
reform policy decisions being made using only high-stakes standardized test results as an 
objective measure.  When a single, flawed measure, such as a state-mandated standardized test 
drives specific and ongoing school reform decisions, the negative and unintended consequences 
of high-stakes testing persist (Dappen & Isernhagen, 2005). 
Summary of Findings 
 This study provides further evidence that out-of-school demographic factors can reliably 
predict Grade 6 district CMT scores in Connecticut.  The accuracy in which the predictive 
algorithm (Maylone, 2002), utilizing only out-of-school factors, was able to predict the 
percentage of district students who scored at or above Goal on the CMT in Math and Reading 
within the standard error measure for the given testing years ranged between 66.7% and 74.6%.  
Out-of-school demographic factors more accurately predicted district Math scores than district 
Reading scores, although the margin of difference was less than 10 percentage points.  Analyzing 
the predictive accuracy of district Grade 6 Math scores on the 2011, 2012, and 2013 CMT, I was 
able to correctly predict the percentages of students scoring at Goal or above, within the standard  
error of measurement for each model, for between 69.5% and 74.6% of the districts in the 
sample of Connecticut school districts.  The models of best fit predicted correctly the 
percentages of students scoring at Goal or above in 66.7% to 69.3% of the sample on the 2011, 
2012, and 2013 Grade 6 Reading CMT.   
The specific demographic factors that were consistent throughout all hierarchical 
regression models for both the Math and the Reading CMT during the 2011, 2012, and 2013 
testing years were the following: percentage of families making $35,000 or less and percentage 
of individuals 25 and older with a high school diploma.  Excluding the 2011 CMT Grade 6 
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Reading of the hierarchical regression model, the percentage of families within a district making 
under $35,000 per year accounted for the largest variance in district scores in all other 
hierarchical regression models for CMT Grade 6 Math 2011, 2012, and 2013 testing years, and 
Reading 2012 and 2013 testing years.  The percentage of families within a district making under 
$35,000per year accounted for between 58.4% and 68.8% of the variance in district Grade 6 
CMT test scores.  In the 2011 CMT Grade 6 Reading hierarchical regression model, 56.2% of 
the variance was explained by the percentage of families living in poverty for 12 months or 
more, while only 6.1% of the variance in this model was explained by families earning under 
$35,000per year.  The demographic factor of the percentage of families making $35,000 or less 
was consistent with the findings of Sackey’s (2014) research study conducted in Connecticut 
using 2010 CMT data and continued to be a strong predictor of student achievement district-
wide.  Additionally, the percentage of individuals 25 and older with a high school diploma was 
also consistent in every hierarchical regression model.  Individuals 25 and older with a high 
school diploma accounted for between 1.3% to 4.5% of the variance of the Grade 6 Math and 
Reading CMT scores during the 2011, 2012, and 2013 testing years. 
Table 63 provides the summary of the research findings, including the predictor variables 
in each model broken out by the partial and total variance and followed by the predictive 
accuracy of the algorithm (Maylone, 2002). 
Table 64 
Dependent Variable Predictor Variables 
Amount of Variance (R2) by Predictor Variable 
Total Variance (R2) Predictive Algorithm Accuracy 
2011 Math CMT  Grade 6 
% of Families Making Less Than $35,000 68.8% ** 
73.7%  
69.5% of 
district scores 
predicted 
All Married Families with Children Under 18 3.6% ** 
25 and Over HS Graduate 1.3% *  
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2012 Math CMT  Grade 6 
% of Families Making Less Than $35,000 63.7% ** 
71.0%  
73.2% of 
district scores 
predicted 25 and Over HS Graduate 5.5% ** 
2013 Math CMT Grade 6 
% of Families Making Less Than $35,000 61.9% ** 
70.7%  
74.6% of 
district scores 
predicted 
% of Female Households in Poverty 6.5% ** 
25 and Over HS Graduate 1.3% ** 
Lone-Parent Household 1.0% * 
 % of All People Under Poverty for 12 Months 56.2% ** 
66.3%  
66.7% of 
district scores 
predicted 
2011 Reading CMT Grade 6 % of Families Making Less Than $35,000 6.1% * 
 25 and Over HS Graduate 4.0% ** 
 % of Families Making Less Than $35,000 68.2% ** 
72.7%  
68.5% of 
district scores 
predicted 
2012 Reading CMT Grade 6 25 and Over No HS Diploma 2.7% * 
 25 and Over HS Graduate 1.8% ** 
 % of Families Making Less Than $35,000 58.4% ** 
64.6%  
69.3% of 
district scores 
predicted 
2013 Reading CMT Grade 6 25 and Over No HS Diploma 4.5% * 
 25 and Over HS Graduate 1.7% * * significant at the 0.01 level.  * significant at the 0.05 level. 
 Conclusions   In Connecticut public schools over a three-year period (2011, 2012, and 2013), out-of-
school community demographic variables accurately predicted as much as 74.6% (2013 Math 
CMT) and as little as 66.9% (2011 Reading) of the percentage of Grade 6 students scoring at or 
above Goal on the Math and Reading CMT.   Consistent with Sackey’s (2014) research findings, 
the results from this study showed that families earning $35,000 or less per year or living in 
poverty and the percentage of individuals 25 and older who have and have not earned a high 
school diploma are strong predictive variables of standardized test results in Connecticut.   
Consistent with EST’s microsystems and exosytems, the main predictor variables consistent 
throughout all testing years included a family human capital variable (families earning $35,000 
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or less per year or living in poverty) and a community social capital variable (percentage of 
individuals 25 and older who have or have not earned a high school diploma). 
CMT results are contaminated by demographic factors, which greatly influence student 
scores.  The current public school education reform initiatives and many of the school reform 
models depend on standardized testing.  High-stakes testing data from assessments, like the 
CMT, cannot be used to measure the effectiveness of educators and student achievement in a 
school or district.  However, the practice of evaluating educators and students is regularly tied to 
standardized test results without accounting for out-of-school variables existing in each school 
community’s demographic data.  The findings of this study and other recent empirical studies 
(Angelillo, 2015; Darnell, 2015; Fox, 2015; Jones, 2008; Maylone, 2002; McCahill, 2015; 
Sackey, 2014; Tienken, 2016; Turnamian & Tienken, 2016) are supported by the existing 
literature.   The predictive nature of the test results calls into question the validity of using the 
results from standardized testing to make determinations about teacher quality and student 
achievement in Connecticut and other states in which similar studies have been conducted.  
In the immediate future, any school-based decisions made under the assumption that 
results on high-stakes standardized assessments accurately identify the academic needs of 
students within a school district is not a valid assumption.  According to the results of this study 
for Grade 6 students over a three-year period, a greater percentage of the variance in district 
scores is accounted for by out-of-school factors.   Out-of-school factors accounted for between 
70.7% and 73.7% of the variance in Math CMT scores and between 64.6% and 72.7% of the 
variance in Reading CMT scores for Grade 6 during the 2011, 2012, and 2013 testing years.   In 
Connecticut, resources are being allocated based on test scores having more to do with the 
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percentage of families who are earn $35,000 or less and the number of high school diplomas 
within the community rather than the achievement level of the students within a school district.   
Recommendations for Policy 
Allow Educational Research to Inform Education Policy 
The education reform policy agenda in the United States is not always based on empirical 
research and evidence (Tienken & Orlich, 2013).  The post World War II practice of politically 
sidestepping empirical research seemed to emanate from the “Sputnik myth.”  In 1958, President 
Eisenhower had no empirical evidence that American schools were failing; however, the 
calculated political act to publically endorse the “Sputnik myth” solidified the notion that the 
American education system was failing because the Russians had beaten the United States into 
space.  This act achieved Eisenhower’s greater political goal of increased funding and support 
for education and avoiding World War III over space (Tienken & Orlich, 2013).  The “Sputnik 
myth” persists and was referenced in President Obama’s 2016 State of the Union Address when 
discussing the need to improve American education. 
 The school reform movement, born out of the “Sputnik myth,” continues to be based in 
response to an alternative reality that did not exist in the United States (Tienken & Orlich, 2013).  
Policymakers, state and district education leaders, school leaders, and all stakeholders must make 
the correlation between education research and education policy; and yet, the education policy 
agenda continues to be seemingly set in a vacuum without the aid and guidance of the 
educational research community.  This is evidenced by the more recent school post-NCLB 
reform programs like RTTT and now the ESSA.  ESSA reform, like RTTT, is driven by student 
achievement, or lack thereof, as measured by standardized test scores.  These reforms continue to 
be driven by test scores despite the longstanding findings from the education and medical 
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communities, which were documented in the Coleman Report (1966) and subsequent studies 
(e.g., Currie, 2009; Duncan & Murnane, 2011; Rothstein, 2004) that suggest that out-of- school 
factors influence educational outcomes on standardized tests and other measures (National 
Scientific Council on the Developing Child, 2005; 2014; Sirin, 2005).  However, education 
reform practices continue to remain almost exclusively driven by standardized test scores in the 
post-NCLB era (Scherrer, 2014).  Additionally, in New Orleans, Louisiana, the largest urban 
education school reform redesign was almost exclusively governed by standardized test scores.  
The limited oversight of schools in exchange for marginally higher standardized test scores in 
school districts like New Orleans has perpetuated the notion of assessment as punishment in 
which students are paying the price (Garda, 2015). 
The results from this longitudinal Connecticut study and the limited number of other 
studies conducted (Angelillo, 2015; Darnell, 2015; Fox, 2015; Jones, 2008; Maylone, 2002; 
McCahill, 2015; Sackey, 2014; Turnamian & Tienken, 2013; Tienken, 2016) accurately 
predicted the percentage of district students scoring at Goal or above in various grade levels in 
Connecticut, Iowa, Michigan, and New Jersey on state-mandated standardized tests for Math and 
Reading from 1999 through 2013.  The ability to predict test results reliably without any 
information about district schools, educators, and students, using only out-of-school community 
demographic factors, may cause education policymakers to pause and eventually stop using test 
results to make erroneous and sweeping school reform decisions influencing the lives of 
children.  School reform decisions, based solely on standardized test scores have, and will 
continue to have, significant ramifications for schools and students, particularly for the poor and 
marginalized.  This was found to be true in Connecticut, specifically for Grade 6 students 
growing up in families making less than $35,000 per year (according to this study). 
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Policymakers must abandon the notion that standardized tests accurately measure student 
achievement.  Additionally, practices which broaden the use of standardized test scores to rank 
and score schools and teachers as effective or ineffective are invalid.  As the results of this study 
have shown, standardized tests more accurately measure out-of-school factors.  Schools are 
microcosms of the society, and as such, schools do not operate in isolation.  Ecological systems 
theory, the theoretical framework of this study, urges policymakers to consider a child’s sphere 
of influence (their family, school, and community) in order to deduce an accurate conclusion 
about a child’s success (Burns et al., 2015). 
Local Control of Curriculum and Assessment 
The long-standing American education problems of equity, quality and efficiency have 
not changed since the time of Horace Mann (National Governors Association Center for Best 
Practices & Council of Chief State School Officers, 2010; Goertz, 2010; Mathis, 2010; Zhao, 
2012). To address these challenges of equity, quality, and efficiency, policymakers need not look 
to an inefficient one-size-fits-all model.  Rather, control should be returned to local school 
districts, who are better equipped to devise solutions to address the needs of their community in a 
timely, responsive manner (Tienken & Orlich, 2013).  Returning local control allows for 
evidence-based practices and solutions to be implemented to directly impact and support student 
achievement (Tienken & Orlich, 2013; Zhao, 2010).   
The Nebraska Teacher-led Assessment and Reporting System (STARS) and New York 
Performance Assessment Consortium offer two recent, high-profile, and successful examples of 
accountability systems that were developed locally utilizing evidence-based assessment to drive 
curriculum and instruction (Dappen & Isernhagen, 2005; New York Performance Assessment 
Consortium, 2015).  Nebraska STARS and the New York Performance Assessment Consortium 
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have provided the example of classroom assessment, which includes evidence rich problem-
based assessment, to address the federal and state mandates of the post-NCLB era that support 
student learning and achievement.   
The rhetoric of some self-proclaimed education reformers in the post-NCLB era continue 
to advocate for improving and changing public education based on corporate principles focused 
on accountability measures (Tienken & Olrich, 2013).  In every state other than Nebraska, the 
standard common metric of assessment is a single standardized test score (Dappen & Isernhagen, 
2005).   The New York Performance Assessment Consortium received an NCLB and RTTT 
waiver and as a result, students who were part of Consortium schools received waivers for the 
New York Regents Exams.  The Nebraska STARS, like the New York Performance Assessment 
Consortium, utilizes assessment at the local district level to drive curriculum and instruction to 
produce academic gains in students (Bandelos, 2004).  “Teacher designed standards, instruction, 
and assessments become part of a continuous improvement cycle.  Based on this belief, Nebraska 
developed STARS to keep teaching and learning at the center of the educational process, 
promoting high-impact, not high-stakes, assessment (Gallager, 2004a; Dappen & Isernhagen, 
2005, p. 148).  
The goal of STARS when first created was to use assessment to support instruction.  
With the STARS assessment portfolio model, schools and districts would not receive a score and 
therefore could not be ranked based on effectiveness, which is the practice with standardized test 
score data (Dappen & Isernhagen, 2005).  To address the concerns of validity and reliability, the 
STARS assessment portfolio includes school district ratings on six Quality Criteria that were 
identified by the Buros Center for Testing (Plake & Impara, 2000), the technical advisors to the 
STARS program.  These six Quality Criteria include the following: (1) district/school 
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assessments must reflect state or local standards, (2) students have an opportunity to learn the 
content, (3) district/school assessments are free from bias or offensive language or situations, (4) 
the level of assessments is rigorous and appropriate for the students, (5) there is consistency in 
scoring and application of rubrics, and (6) the mastery levels are appropriate (Dappen & 
Isernhagen, 2005).  Districts in Nebraska complete a District Assessment Portfolio which 
addresses the six quality components for assessment and addresses the validity and reliability 
concerns raised by STARS naysayers. 
The NCLB-mantra and unrealistic goal was that every child would be on grade level. “No 
assessment system is going to ensure achievement of that goal; yet, schools are being measured 
by that expectation and pronounced ‘failing’ if they are not on target to achieve it” (Dappen & 
Isernhagen, 2005, p. 154).  The definition of failing has been coupled with achieving perfection 
in the NCLB era.  As policymakers and educators, let us not make good the enemy of perfection.  
Accountability measures, which strip away the local control over curriculum standards and 
assessment, do so at the cost of the students.  The Nebraska STARS and New York Performance 
Consortium are two strong examples of how local control of curriculum standards and 
assessment does not equate to the sacrifice of accountability for academic gains from students.  
The meaningful measures of a dynamic assessment portfolio give students the opportunity to 
demonstrate their learning and depth of understanding in ways that a multiple choice 
standardized test cannot measure.   
Summary of Policy Recommendations 
 The key aspects of these policy recommendations are to use educational research to guide 
the education policy agenda and give local control back to districts to assess their students.  
These policy recommendations address the need for accountability assessment in the post-NCLB 
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era but do so in a manner that utilizes evidence-based practices and solutions to be implemented 
in order to directly impact and support student achievement.  Nebraska STARS and the New 
York Performance Assessment Consortium are two large-scale models that connect educational 
research and best practices about student learning and assessment to creatively fulfill the ESSA 
federal reform mandates (Dappen & Isernhagen, 2005; New York Performance Assessment 
Consortium, 2015; Tienken, 2016). 
Recommendations for Practice 
Data Driven Decision Making  
School administrators make daily decisions that impact the lives of students.  These 
decisions are not limited to questions concerning school staffing and time allocations, 
curriculum, instruction, assessment of and for learning.  In the post-NCLB era, standardized 
testing is mandatory in almost every state.  These student results must be reported out as function 
of the federal guidelines which govern education.  However, the standardized test results of 
students do not need be used in other arenas.  School administrators who voluntarily use the test 
results from their state-mandated standardized assessments as the sole measure for efficacy 
mistakenly believe they are using this data to inform their decision making.  One of the appeals 
of using standardized test scores is an underlying assumption that results from these tests will 
provide accurate and objective feedback on student performance (Raymond & Hanushek, 2003).  
Unfortunately, school administrators have a limited understanding of the complexities of the 
issues surrounding standardized testing as a result of the misunderstandings and communications 
that have been perpetuated at the highest levels.  They therefore are uninformed about the fact 
that standardized tests usually do not provide a direct and complete measure of educational 
achievement (Koretz, 2008).   
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The results from this research study and the limited number of other studies conducted 
(Angelillo, 2015; Darnell, 2015; Fox, 2015; Jones, 2008; Maylone, 2002; McCahill, 2015; 
Sackey, 2014; Turnamian & Tienken, 2013; Tienken, 2016) have gone further than merely 
stating that outside factors were influential.  They accurately predict district standardized test 
scores without any knowledge of the school, administrators, teachers, and students.  In light of 
this information, school administrators that voluntarily make important decisions that impact 
educators, schools, and students, using incomplete and flawed measures of standardized test 
scores, must use alternative data points when making data driven decisions. 
As the entire state of Nebraska has modeled with STARS and the New York Performance 
Assessment Consortium, school administrators should seek to use classroom-based assessments 
which are steeped in project-based learning and rich in problem solving.  The assessments found 
in the STARS and Consortium portfolios are based on fully vetted rubrics which seek to assess 
the richness of the learning.  The standards, assessments, and rubrics, as part of the multifaceted 
assessment portfolio, were developed and assessed by teachers and represent the ongoing cycle 
of assessment to drive curriculum and instruction to passively influence the academic outcomes 
of students.  These are the meaningful measures and data that school administrators should using 
in their decision making process.   
Trauma-Informed Schools 
School leaders are aware that out-of-school factors may heavily influence student  
achievement.  Administrators work to address these factors with school-specific structures, 
which mainly focus on curriculum, instruction, and student engagement.  These structures can 
provide a coping mechanism for students, creating the illusion that students shed the influences 
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of their home lives at the schoolhouse door each day and pick them up again on their way home 
(Jensen, 2009).  
School administrators and their staff work with children who have experienced trauma 
(Copeland, Keeler, Angold, & Costello, 2007).  Half of all children grow up experiencing one or 
more traumatic child experiences, which include experiences like living in extreme economic 
hardship, having one’s parents divorce or separate, living with someone who struggled with a 
drug or alcohol problem, being a witness or victim of neighborhood violence, living with 
someone who was mentally ill or suicidal, witnessing domestic violence, having a parent or 
caregiver serve time in jail, having been treated or judged unfairly due to race/ethnicity, 
particularly by those individuals in positions of power and authority like the police or school 
personnel; and last, experiencing  the death of a parent or caregiver (Bethell, Gombojav, 
Solloway,  & Wissow, 2016).  Students who are exposed to two or more traumas are twice as 
likely to repeat a grade, experience behavioral problems in school, become disengaged with 
schoolwork, and suffer from chronic health problems like asthma, ADHD, and obesity (Bethell 
et al., 2016; Copeland et al., 2007; Wakey & Cox, 2013). 
Traditionally, the academic, mental health, and medical communities have not 
communicated on matters as far reaching as trauma, even though educators work regularly with 
traumatized children and oftentimes lack the knowledge on how to support these students when 
they become triggered.  A trauma response from a child presents similarly to oppositional and 
defiant behavior and cannot be managed in a school context through a punitive discipline system.  
A trauma-informed or trauma-sensitive school sees the behavior of a student aggressively yelling 
at a teacher for being directed to take out a writing utensil and responds with a support system 
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that does not punish or suspend the student, but rather allows the student to express outside the 
classroom what they need and what is really going on.   
Trauma-informed schools begin with trauma-informed administrators and school leaders.  
School leaders have the ability to support their students and staff using a trauma lens that allows  
an educational environment that acknowledges that out-of-school factors significantly impact 
learning.  A trauma-informed approach is no longer relegated to the mental health realm, but 
must be part of the work of scholar practitioners and school leaders who recognize that students 
are not able to check their home-lives at the schoolhouse door.   
The unaddressed student trauma continues to plague the school reform movement in New 
Orleans, Louisiana.  The response of schools unprepared to handle the traumas experienced by 
their students caused the schools’ overreaction with harsh discipline and expulsions.  School 
leaders, particularly serving in urban centers, work with many students who are very likely to 
experience several of the traumatic experiences like living in extreme economic hardship or 
witnessing violence simply by living in the inner city (Bethell et al., 2016).  These stressors can 
cause caregivers of these students to be more likely to abuse drugs or alcohol, be perpetrators of 
domestic violence, or be arrested (Bethell et al., 2016).  All of these factors cause more traumas 
to the student, flooding the child’s brain with toxic stress and further impacting their ability to be 
successful in school (National Scientific Council on the Developing Child 2005; 2014). 
For better or worse, the deaths of 20 elementary students and six teachers in the Sandy 
Hook school shooting has changed the way in which school administrators must respond to 
untreated mental health issues.  Principals and school staff do not have to take on the burden of 
reinventing systems already in place within their schools but rather work on integrating and 
building partnerships with local community organizations.  The approach to student support and 
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wraparound services in every district and school is different.  Similarly, the approach that 
administrators take when addressing the trauma in their schools will also vary.   
Some administrators may seek direct training and professional development for their 
staffs on how to be trauma-informed.  These services are available from community based 
mental health clinics.  The documentary videos produced by Karen Pritzker and directed by 
James Redford, Paper Tigers: One High School’s Unlikely Success Story and Resilience: The 
Biology of Stress and the Science of Hope, are both very helpful tools in providing a visual 
context for educators to see trauma-informed school environments.  Additionally, principals may 
seek on-sight clinical trauma services through a grant program or partnership with the 
Department of Children and Families or a local mental health clinic or provider.  Last, 
consultation within current school structures is yet another alternative.  Administrators may seek 
the support of the mental health partnerships to work in conjunction with their Student Support 
Services Team (SSST) whose membership includes the principal, vice principal, special 
education teachers, social worker, care coordinator, and parents.  The administrator may seek out 
consulting support on their school’s SSST team to provide trauma-specific support to the school 
when addressing student needs.  The New Haven Trauma Coalition is an excellent example of 
varied school support models.  The Coalition’s clinicians work with schools within the greater 
New Haven area in varied ways based on the needs and desires of each school.   
Summary of Practice Recommendations 
The key aspects of these practice recommendations for school leaders are to stop the 
voluntary use of standardized test scores as the sole deciding factor when making decisions that 
impact students and teachers.  Standardized tests measure the out-of-school demographic 
variables of a community rather than the academic achievement of students (Tienken, 2016).    
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School administrators must use multiple meaningful measures from classrooms based on 
curriculum standards.  These multifaceted assessments within a portfolio, developed and 
assessed by highly qualified teaching professionals within their school buildings, represent the 
best practices of curriculum, instruction, and assessment to improve student learning and 
positively impact student achievement.   Additionally, due to the growing number of children in 
schools who experience trauma, school leaders have the ability to make their schools trauma-
informed to better support the students in learning and the teachers in teaching.  School leaders 
are in the business of school improvement or reform and must do so responsibly, enacting 
positive change that is healthy and supportive of the students they serve.   
Recommendations for Future Research 
This research study examined the predictive accuracy of 21 family and community 
demographic factors on the 2011, 2012, and 2013 Grade 6 Connecticut Mastery Test.  
Recommendations for further study are as follows: 
1.  Conduct a similar study to this research at the other grade levels that uses the 21 
family and community independent variables to see which variables explain the most 
variance and make the best predictions. 
2.  Conduct a study that looks at the data from this study in order to see why certain 
schools were not predicted accurately and why others did not appear to be affected by 
the 21 family and community out-of-school variables. 
3. Conduct a study that looks at the Smarter Balance Assessment and the 21 family and 
community independent variables to see which variables explain the most variance 
and make the best predictions. 
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4. Conduct a study that looks at the data from the study of other grade levels in order to 
see why certain schools were not predicted accurately and why others did not appear 
to be affected by the 21 family and community out-of-school variables. 
5. Conduct a similar study to this research at the other grade levels that uses the 21 
family and community independent variables in addition to other school-level 
variables to see which variables explain the most variance and make the best 
predictions. 
6. Conduct a similar study to this research in a different state at the other grade levels 
that uses the 21 family and community independent variables in addition to other 
school-level variables to see which variables explain the most variance and make the 
best predictions. 
Conclusion 
The findings of this research study were very telling, mainly because the predictive 
model was used for the wealthiest DRGs (A) as well as the most impoverished DRGs (I).  The 
family and community demographic factors for all communities impact student learning.  The 
family human capital demographic factor that accounts for the greatest variance in district Grade 
6 CMT scores over the 2011, 2012, and 2013 testing years was families making under $35,000 
per year.  The social community demographic factor that was consistent in all models was the 
percentage of individuals 25 and older with a high school diploma. 
School reform and standardized testing have become big business and yet, as Governor 
Malloy in a speech on April 7, 2016, stated at the St. Martin de Porres Academy Spring Fling 
Gala, “We know what models work in education.”  I question at times whether bureaucrats, 
policymakers, and school leaders really know what works.  School improvement plans that are 
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driven by standardized test scores are doomed to fail as are school reform models that do not 
address the out-of-school factors in a holistic manner.   
As proposed by the theoretical framework of the study, some children come to school 
disconnected, and therefore schools become the socializing agents of our communities (Brendtro, 
2006).  EST has not permeated those school reform models that seek to address curriculum and 
instruction solely tied to high-stakes standardized tests results.  “Bronfenbrenner mapped the key 
circles of influence that surround each child” (Brendtro, 2006).  The “dis-ease,” i.e., distress, 
contrasts with support provided by a child’s family, school, and peer group and determines a 
child’s ability to manage stress and overcome challenges (Bronfenbrenner, 2005). 
 
“We cannot solve our problems with the same thinking we used when we created them.” 
— Albert Einstein 
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Appendix A 
2011 Math CMT District Predictions: 69.5% Accuracy 
 Correctly Predicted 89 out of 128 Connecticut District Scores  
o Two Outlier Districts Removed: New Britain and Windham 
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1 Ansonia 25.40 18.90 36.80 58.5397 69.4 10.8603 7.364 NO 
2 Ashford 10.50 21.10 28.20 77.1711 75.5 -1.6711 7.364   
3 Avon 7.50 30.00 12.50 87.3815 92.7 5.3185 7.364   
4 Barkhamsted 4.00 30.10 27.70 87.4886 90.2 2.7114 7.364   
5 Berlin 13.20 23.90 29.60 75.0131 80.4 5.3869 7.364   
6 Bethany 7.60 33.80 20.40 86.7898 84.8 -1.9898 7.364   
7 Bethel 9.00 29.70 28.10 81.9554 92.2 10.2446 7.364 NO 
8 Bloomfield 10.70 11.40 24.20 74.3362 67.4 -6.9362 7.364   
9 Branford 12.80 15.00 24.30 73.4189 75 1.5811 7.364   
10 Bridgeport 36.80 16.10 33.70 46.1862 45.8 -0.3862 7.364   
11 Bristol 17.80 18.70 38.40 66.1243 70.1 3.9757 7.364   
12 Brookfield  7.20 29.00 21.60 85.155 86.3 1.145 7.364   
13 Brooklyn 16.70 21.30 35.90 68.845 66.7 -2.145 7.364   
14 Canterbury 6.10 21.80 39.20 79.4556 76.4 -3.0556 7.364   
15 Canton 9.00 25.20 17.90 82.7327 88.4 5.6673 7.364   
16 Cheshire 4.60 33.70 21.10 89.7596 92 2.2404 7.364   
17 Clinton 13.90 23.90 27.90 74.6788 62.2 -12.4788 7.364 NO 
18 Colchester 7.90 31.00 26.20 84.053 79.5 -4.553 7.364   
19 Columbia  6.50 27.50 27.00 84.0515 86.9 2.8485 7.364   
20 Coventry 5.10 29.50 29.60 85.6493 91.5 5.8507 7.364   
21 Cromwell  8.70 22.80 27.80 79.7984 75.2 -4.5984 7.364   
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22 Danbury 17.40 21.90 30.40 69.6403 65.8 -3.8403 7.364   
23 Darien 6.10 45.00 8.40 95.3776 94.1 -1.2776 7.364   
24 Derby 24.40 15.40 40.00 57.5414 52 -5.5414 7.364   
25 East Granby 5.20 29.80 23.20 87.1838 81.7 -5.4838 7.364   
26 East Haddam 10.80 25.50 29.90 78.071 74.5 -3.571 7.364   
27 East Hampton  4.60 27.10 28.20 85.6273 86.2 0.5727 7.364   
28 East Hartford 28.60 14.90 36.20 53.8215 35.1 -18.7215 7.364 NO 
29 East Haven  19.70 18.10 43.70 62.626 58.4 -4.226 7.364   
30 East Lyme 9.70 22.70 26.70 78.9664 91.3 12.3336 7.364 NO 
31 Easton 2.40 37.50 12.30 95.5926 91.9 -3.6926 7.364   
32 East Windsor  12.50 21.40 36.80 73.1104 65.6 -7.5104 7.364 NO 
33 Ellington 8.70 28.90 24.90 82.7424 88.8 6.0576 7.364   
34 Enfield 14.00 19.40 37.50 70.6181 81.3 10.6819 7.364 NO 
35 Fairfield 6.80 33.00 15.50 88.5121 85.3 -3.2121 7.364   
36 Farmington  4.70 25.10 18.70 87.054 88.8 1.746 7.364   
37 Glastonbury 7.10 30.90 16.10 87.2764 90.7 3.4236 7.364   
38 Granby 3.10 28.00 19.50 89.6257 90.6 0.9743 7.364   
39 Greenwich 8.20 31.90 15.70 86.5772 82.2 -4.3772 7.364   
40 Griswold  15.90 18.00 40.80 67.3026 67.1 -0.2026 7.364   
41 Groton 18.00 21.80 28.90 69.3271 66.5 -2.8271 7.364   
42 Guilford  6.10 27.50 21.00 85.9087 88.7 2.7913 7.364   
43 Hamden 14.30 18.60 26.10 72.7301 69.9 -2.8301 7.364   
44 Hartford  51.80 9.10 30.70 28.4502 42.3 13.8498 7.364 NO 
45 Hebron 3.70 40.70 20.20 93.5099 92.5 -1.0099 7.364   
46 Kent 15.60 18.20 24.80 71.5178 77.8 6.2822 7.364   
47 Killingly 23.00 20.30 38.00 61.3087 69.5 8.1913 7.364 NO 
48 Lebanon 14.30 16.10 29.20 71.0667 77.7 6.6333 7.364   
49 Ledyard  4.30 26.50 29.60 85.3887 85.5 0.1113 7.364   
50 Lisbon 13.70 24.30 46.50 70.5926 78.2 7.6074 7.364 NO 
51 Litchfield 12.40 24.70 20.60 78.3057 84.4 6.0943 7.364   
52 Madison 6.40 31.60 12.50 89.1357 92.1 2.9643 7.364   
53 Manchester 18.20 17.50 27.70 67.8156 61.1 -6.7156 7.364   
54 Mansfield 7.70 17.20 18.70 80.9649 78.6 -2.3649 7.364   
197  
  
55 Marlborough 4.30 32.80 26.50 88.4543 96.5 8.0457 7.364 NO 
56 Meriden 27.30 18.20 33.70 57.0121 51.4 -5.6121 7.364   
57 Middletown 18.60 14.80 30.90 65.6313 55.8 -9.8313 7.364 NO 
58 Milford  10.40 22.80 27.70 78.0237 79.1 1.0763 7.364   
59 Monroe 5.80 33.80 23.20 88.025 92.1 4.075 7.364   
60 Montville  10.30 20.10 39.60 74.2891 61.5 -12.7891 7.364 NO 
61 Naugatuck 15.60 22.00 34.30 70.6495 60.1 -10.5495 7.364 NO 
62 New Britain 36.90 11.90 34.70 44.2916 28.5 -15.7916 7.364 NO 
63 New Canaan 5.10 40.80 7.10 95.1965 92.3 -2.8965 7.364   
64 New Fairfield  5.50 35.00 23.70 88.6657 87.8 -0.8657 7.364   
65 New Hartford 11.40 26.10 23.70 79.1394 91.8 12.6606 7.364 NO 
66 New Haven 38.70 11.80 28.30 43.8799 47.4 3.5201 7.364   
67 Newington  12.00 19.80 29.10 74.8893 81.3 6.4107 7.364   
68 New London 30.40 10.60 34.20 50.8084 31.9 -18.9084 7.364 NO 
69 New Milford  7.50 26.30 29.50 81.9532 69.9 -12.0532 7.364 NO 
70 North Branford 10.20 23.20 33.20 77.0684 77 -0.0684 7.364   
71 North Canaan 27.50 15.00 34.90 55.3329 66.7 11.3671 7.364 NO 
72 North Haven 11.30 25.60 31.70 77.1487 71.8 -5.3487 7.364   
73 North Stonington 11.70 25.30 29.10 77.2362 82.9 5.6638 7.364   
74 Norwalk  13.00 17.60 25.80 73.8082 60.5 -13.3082 7.364 NO 
75 Norwich 24.60 15.30 34.80 58.5357 42 -16.5357 7.364 NO 
76 Old Saybrook 11.80 17.50 22.70 75.7818 84.4 8.6182 7.364 NO 
77 Orange 7.50 29.00 17.50 85.8175 93.4 7.5825 7.364 NO 
78 Oxford 4.60 33.70 29.90 87.6564 72.8 -14.8564 7.364 NO 
79 Plainfield 20.60 22.30 43.00 63.3909 75.1 11.7091 7.364 NO 
80 Plainville  14.10 16.40 38.10 69.2619 78.1 8.8381 7.364 NO 
81 Plymouth 11.40 25.40 34.20 76.3716 67.3 -9.0716 7.364 NO 
82 Pomfret  8.00 29.00 29.50 82.4205 72.1 -10.3205 7.364 NO 
83 Portland 6.40 27.90 29.60 83.6835 93.9 10.2165 7.364 NO 
84 Preston  10.80 19.90 33.00 75.2637 80 4.7363 7.364   
85 Putnam 25.20 17.20 37.00 58.0762 52.9 -5.1762 7.364   
86 Redding 3.70 24.80 15.50 88.7661 94.9 6.1339 7.364   
87 Ridgefield  3.60 38.10 11.50 94.7356 92.4 -2.3356 7.364   
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88 Rocky Hill 9.50 24.10 25.80 79.9097 90.4 10.4903 7.364 NO 
89 Salem 3.20 28.20 23.80 88.566 87.8 -0.766 7.364   
90 Salisbury 16.40 18.10 16.30 72.666 79.6 6.934 7.364   
91 Seymour 12.30 23.40 36.70 74.0839 82.3 8.2161 7.364 NO 
92 Shelton  8.70 24.20 30.70 79.6219 86.2 6.5781 7.364   
93 Sherman 5.60 29.70 15.70 88.5162 83.3 -5.2162 7.364   
94 Simsbury  4.60 33.40 10.70 92.1345 92 -0.1345 7.364   
95 Somers 5.40 35.40 29.90 87.4373 81.4 -6.0373 7.364   
96 Southington 9.50 24.30 31.20 78.6929 88.6 9.9071 7.364 NO 
97 South Windsor 5.70 28.90 22.90 86.3944 82.1 -4.2944 7.364   
98 Sprague  9.10 15.80 34.20 75.2626 79.4 4.1374 7.364   
99 Stafford 17.20 21.00 39.70 67.2971 76.5 9.2029 7.364 NO 
100 Stamford  17.30 23.00 22.50 72.0401 71.3 -0.7401 7.364   
101 Sterling 20.10 30.10 45.70 66.1528 75 8.8472 7.364 NO 
102 Stonington  12.20 19.80 27.00 75.1796 70.1 -5.0796 7.364   
103 Stratford 13.50 21.30 31.80 73.2105 73.1 -0.1105 7.364   
104 Suffield 3.20 28.50 24.70 88.4616 85.1 -3.3616 7.364   
105 Thomaston 6.20 22.90 35.00 80.7595 84.3 3.5405 7.364   
106 Thompson  15.70 21.50 40.40 68.9013 62.5 -6.4013 7.364   
107 Tolland 6.60 36.80 22.20 88.5246 91.3 2.7754 7.364   
108 Torrington  22.60 17.00 37.90 60.5381 72.7 12.1619 7.364 NO 
109 Trumbull 5.40 35.30 21.60 89.3841 90 0.6159 7.364   
110 Vernon 15.70 13.30 30.40 68.2655 62.6 -5.6655 7.364   
111 Voluntown 6.10 22.00 32.80 81.059 82.4 1.341 7.364   
112 Wallingford  11.60 22.30 31.50 75.6614 76.2 0.5386 7.364   
113 Waterbury 36.80 14.80 35.90 45.1807 38.7 -6.4807 7.364   
114 Waterford  8.20 22.00 30.70 79.3391 79.7 0.3609 7.364   
115 Watertown 10.20 26.00 29.50 78.9859 62.6 -16.3859 7.364 NO 
116 Westbrook 21.10 19.20 28.70 65.1357 70.8 5.6643 7.364   
117 West Hartford 10.70 25.00 16.50 81.1949 83 1.8051 7.364   
118 West Haven  23.40 18.20 38.50 59.9911 51.3 -8.6911 7.364 NO 
119 Weston 2.90 47.20 6.70 99.9813 93.3 -6.6813 7.364   
120 Westport 5.00 36.40 8.40 93.368 91.5 -1.868 7.364   
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121 Wethersfield 11.60 20.90 26.20 76.4115 85 8.5885 7.364 NO 
122 Willington 12.10 17.80 25.50 74.9059 74.6 -0.3059 7.364   
123 Wilton 2.90 43.20 8.10 98.1707 92.9 -5.2707 7.364   
124 Winchester 15.30 20.80 35.40 70.2612 57.3 -12.9612 7.364 NO 
125 Windham  36.30 14.20 36.60 45.321 27.6 -17.721 7.364 NO 
126 Windsor 8.80 20.90 28.40 78.8481 66.9 -11.9481 7.364 NO 
127 Windsor Locks  17.30 18.30 38.80 66.4101 71.5 5.0899 7.364   
128 Wolcott 7.30 28.10 37.00 81.0365 86.2 5.1635 7.364   
129 Woodbridge 4.20 31.00 12.10 91.3375 95.8 4.4625 7.364   
130 Woodstock 6.10 24.30 30.70 82.4096 81.3 -1.1096 7.364    
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Appendix B 
2012 Math CMT District Predictions: 73.2% Accuracy 
 Correctly Predicted 93 out of 127 Connecticut District Scores  
o Three Outlier Districts Removed: New Britain, New London, and Windham 
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1 Ansonia 25.40 36.80 55.635 65.1 9.465 8.236 NO 
2 Ashford 10.50 28.20 77.2905 67.4 -9.8905 8.236 NO 
3 Avon 7.50 12.50 88.146 95 6.854 8.236   
4 Barkhamsted 4.00 27.70 85.2255 79.6 -5.6255 8.236   
5 Berlin 13.20 29.60 73.44 79.6 6.16 8.236   
6 Bethany 7.60 20.40 84.354 84.4 0.046 8.236   
7 Bethel 9.00 28.10 79.1145 82.4 3.2855 8.236   
8 Bloomfield 10.70 24.20 78.9135 71.6 -7.3135 8.236   
9 Branford 12.80 24.30 76.3785 85.8 9.4215 8.236 NO 
10 Bridgeport 36.80 33.70 43.5675 40.6 -2.9675 8.236   
11 Bristol 17.80 38.40 63.897 65.9 2.003 8.236   
12 Brookfield  7.20 21.60 84.27 83.7 -0.57 8.236   
13 Brooklyn 16.70 35.90 66.363 73.5 7.137 8.236   
14 Canterbury 6.10 39.20 77.3895 78.7 1.3105 8.236   
15 Canton 9.00 17.90 83.8575 92.4 8.5425 8.236 NO 
16 Cheshire 4.60 21.10 87.5835 92.3 4.7165 8.236   
17 Clinton 13.90 27.90 73.401 75.9 2.499 8.236   
18 Colchester 7.90 26.20 81.3015 81.3 -0.0015 8.236   
19 Columbia  6.50 27.00 82.5885 86.8 4.2115 8.236   
20 Coventry 5.10 29.60 83.0385 83.6 0.5615 8.236   
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21 Cromwell  8.70 27.80 79.6095 92.4 12.7905 8.236 NO 
22 Danbury 17.40 30.40 68.091 65.3 -2.791 8.236   
23 Darien 6.10 8.40 91.7115 94.5 2.7885 8.236   
24 Derby 24.40 40.00 55.332 48.2 -7.132 8.236   
25 East Granby 5.20 23.20 85.896 84.7 -1.196 8.236   
26 East Haddam 10.80 29.90 76.1445 60.8 -15.3445 8.236 NO 
27 East Hampton  4.60 28.20 84.282 81 -3.282 8.236   
28 East Hartford 28.60 36.20 52.122 35.1 -17.022 8.236 NO 
29 East Haven  19.70 43.70 59.181 55.1 -4.081 8.236   
30 East Lyme 9.70 26.70 78.936 92 13.064 8.236 NO 
31 Easton 2.40 12.30 94.2825 87 -7.2825 8.236   
32 East Windsor  12.50 36.80 70.9215 69.9 -1.0215 8.236   
33 Ellington 8.70 24.90 80.958 92.4 11.442 8.236 NO 
34 Enfield 14.00 37.50 68.8185 72.1 3.2815 8.236   
35 Fairfield 6.80 15.50 87.5805 83.2 -4.3805 8.236   
36 Farmington  4.70 18.70 88.581 92.8 4.219 8.236   
37 Glastonbury 7.10 16.10 86.946 89.1 2.154 8.236   
38 Granby 3.10 19.50 90.105 91.1 0.995 8.236   
39 Greenwich 8.20 15.70 85.8285 82 -3.8285 8.236   
40 Griswold  15.90 40.80 65.0325 70.2 5.1675 8.236   
41 Groton 18.00 28.90 68.0775 65.9 -2.1775 8.236   
42 Guilford  6.10 21.00 85.8525 86.2 0.3475 8.236   
43 Hamden 14.30 26.10 73.764 66.1 -7.664 8.236   
44 Hartford  51.80 30.70 27.1875 39.2 12.0125 8.236 NO 
45 Hebron 3.70 20.20 89.0685 88 -1.0685 8.236   
46 Kent 15.60 24.80 72.828 92 19.172 8.236   
47 Killingly 23.00 38.00 57.921 47.4 -10.521 8.236   
48 Lebanon 14.30 29.20 72.3225 64.1 -8.2225 8.236   
49 Ledyard  4.30 29.60 83.9865 83.6 -0.3865 8.236   
50 Lisbon 13.70 46.50 64.989 75 10.011 8.236 NO 
51 Litchfield 12.40 20.60 78.573 85.4 6.827 8.236   
52 Madison 6.40 12.50 89.4495 92.2 2.7505 8.236   
53 Manchester 18.20 27.70 68.3985 60.3 -8.0985 8.236   
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54 Mansfield 7.70 18.70 85.026 86.4 1.374 8.236   
55 Marlborough 4.30 26.50 85.428 94.9 9.472 8.236 NO 
56 Meriden 27.30 33.70 54.825 43.4 -11.425 8.236 NO 
57 Middletown 18.60 30.90 66.4365 62.8 -3.6365 8.236   
58 Milford  10.40 27.70 77.6415 77.2 -0.4415 8.236   
59 Monroe 5.80 23.20 85.185 85.5 0.315 8.236   
60 Montville  10.30 39.60 72.2265 71 -1.2265 8.236   
61 Naugatuck 15.60 34.30 68.4105 56 -12.4105 8.236 NO 
62 New Britain 36.90 34.70 42.984 20.5 -22.484 8.236 NO 
63 New Canaan 5.10 7.10 93.501 89.7 -3.801 8.236   
64 New Fairfield  5.50 23.70 85.308 79.5 -5.808 8.236   
65 New Hartford 11.40 23.70 78.3165 91.1 12.7835 8.236 NO 
66 New Haven 38.70 28.30 43.827 44.6 0.773 8.236   
67 Newington  12.00 29.10 75.0945 74 -1.0945 8.236   
68 New London 30.40 34.20 50.919 28 -22.919 8.236 NO 
69 New Milford  7.50 29.50 80.241 71.9 -8.341 8.236 NO 
70 North Branford 10.20 33.20 75.321 82.4 7.079 8.236   
71 North Canaan 27.50 34.90 54.03 82.1 28.07 8.236 NO 
72 North Haven 11.30 31.70 74.715 70.5 -4.215 8.236   
73 North Stonington 11.70 29.10 75.45 73.6 -1.85 8.236   
74 Norwalk  13.00 25.80 75.444 60.7 -14.744 8.236 NO 
75 Norwich 24.60 34.80 57.513 38.2 -19.313 8.236 NO 
76 Old Saybrook 11.80 22.70 78.3075 86.1 7.7925 8.236   
77 Orange 7.50 17.50 85.821 92.4 6.579 8.236   
78 Oxford 4.60 29.90 83.4915 82.8 -0.6915 8.236   
79 Plainfield 20.60 43.00 58.44 70.3 11.86 8.236 NO 
80 Plainville  14.10 38.10 68.421 80.5 12.079 8.236 NO 
81 Plymouth 11.40 34.20 73.434 60.4 -13.034 8.236 NO 
82 Pomfret  8.00 29.50 79.6485 68 -11.6485 8.236 NO 
83 Portland 6.40 29.60 81.498 86.8 5.302 8.236   
84 Preston  10.80 33.00 74.703 71.4 -3.303 8.236   
85 Putnam 25.20 37.00 55.779 48.3 -7.479 8.236   
86 Redding 3.70 15.50 91.254 90.7 -0.554 8.236   
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87 Ridgefield  3.60 11.50 93.2325 92.2 -1.0325 8.236   
88 Rocky Hill 9.50 25.80 79.5915 87.9 8.3085 8.236 NO 
89 Salem 3.20 23.80 87.987 71.8 -16.187 8.236 NO 
90 Salisbury 16.40 16.30 75.8325 82.8 6.9675 8.236   
91 Seymour 12.30 36.70 71.205 75.3 4.095 8.236   
92 Shelton  8.70 30.70 78.261 83.9 5.639 8.236   
93 Sherman 5.60 15.70 88.9095 90.6 1.6905 8.236   
94 Simsbury  4.60 10.70 92.4195 91.6 -0.8195 8.236   
95 Somers 5.40 29.90 82.5435 75.4 -7.1435 8.236   
96 Southington 9.50 31.20 77.0805 87.5 10.4195 8.236 NO 
97 South Windsor 5.70 22.90 85.443 79.6 -5.843 8.236   
98 Sprague  9.10 34.20 76.1595 79.3 3.1405 8.236   
99 Stafford 17.20 39.70 64.0035 83.2 19.1965 8.236 NO 
100 Stamford  17.30 22.50 71.883 66.7 -5.183 8.236   
101 Sterling 20.10 45.70 57.777 68.2 10.423 8.236 NO 
102 Stonington  12.20 27.00 75.834 75.1 -0.734 8.236   
103 Stratford 13.50 31.80 72.0615 71.3 -0.7615 8.236   
104 Suffield 3.20 24.70 87.5685 89.9 2.3315 8.236   
105 Thomaston 6.20 35.00 79.224 86.6 7.376 8.236   
106 Thompson  15.70 40.40 65.4555 54.4 -11.0555 8.236 NO 
107 Tolland 6.60 22.20 84.702 93.9 9.198 8.236 NO 
108 Torrington  22.60 37.90 58.4415 65.5 7.0585 8.236   
109 Trumbull 5.40 21.60 86.403 87.6 1.197 8.236   
110 Vernon 15.70 30.40 70.1055 53.8 -16.3055 8.236 NO 
111 Voluntown 6.10 32.80 80.3655 75.9 -4.4655 8.236   
112 Wallingford  11.60 31.50 74.4525 72.4 -2.0525 8.236   
113 Waterbury 36.80 35.90 42.5445 35.9 -6.6445 8.236   
114 Waterford  8.20 30.70 78.8535 80.7 1.8465 8.236   
115 Watertown 10.20 29.50 77.0415 63.8 -13.2415 8.236 NO 
116 Westbrook 21.10 28.70 64.497 72.1 7.603 8.236   
117 West Hartford 10.70 16.50 82.494 82.5 0.006 8.236   
118 West Haven  23.40 38.50 57.2145 40.2 -17.0145 8.236 NO 
119 Weston 2.90 6.70 96.294 91 -5.294 8.236   
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120 Westport 5.00 8.40 93.015 92.3 -0.715 8.236   
121 Wethersfield 11.60 26.20 76.917 83.6 6.683 8.236   
122 Willington 12.10 25.50 76.65 69.5 -7.15 8.236   
123 Wilton 2.90 8.10 95.643 93.7 -1.943 8.236   
124 Winchester 15.30 35.40 68.2545 63.9 -4.3545 8.236   
125 Windham  36.30 36.60 42.8115 29.5 -13.3115 8.236 NO 
126 Windsor 8.80 28.40 79.212 68 -11.212 8.236 NO 
127 Windsor Locks  17.30 38.80 64.3035 66.4 2.0965 8.236   
128 Wolcott 7.30 37.00 76.9905 83.4 6.4095 8.236   
129 Woodbridge 4.20 12.10 92.2425 93.9 1.6575 8.236   
130 Woodstock 6.10 30.70 81.342 79.4 -1.942 8.236    
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Appendix C 
2013 Math CMT District Predictions: 74.6% Accuracy 
 Correctly Predicted 97 out of 130 Connecticut District Scores  
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1 Ansonia 25.40 31.7 36.80 12.10 54.27 59.7 5.43 9.017   
2 Ashford 10.50 23.9 28.20 4.40 80.34 65.2 -15.14 9.017 NO 
3 Avon 7.50 8.9 12.50 4.80 88.09 91.7 3.61 9.017   
4 Barkhamsted 4.00 11.1 27.70 3.40 85.46 91.1 5.64 9.017   
5 Berlin 13.20 13.7 29.60 5.20 73.04 74.3 1.26 9.017   
6 Bethany 7.60 0 20.40 4.10 81.77 77.5 -4.27 9.017   
7 Bethel 9.00 12.2 28.10 5.90 77.74 82.6 4.86 9.017   
8 Bloomfield 10.70 9.2 24.20 8.30 75.18 62.3 -12.88 9.017 NO 
9 Branford 12.80 12 24.30 6.40 75.00 75.1 0.10 9.017   
10 Bridgeport 36.80 34.1 33.70 18.30 38.45 35.7 -2.75 9.017   
11 Bristol 17.80 20.4 38.40 21.00 51.88 57 5.12 9.017   
12 Brookfield  7.20 16.8 21.60 4.50 85.79 81.4 -4.39 9.017   
13 Brooklyn 16.70 20.6 35.90 11.50 62.28 70 7.72 9.017   
14 Canterbury 6.10 0 39.20 5.50 71.97 69.5 -2.47 9.017   
15 Canton 9.00 8.5 17.90 4.70 83.35 89.6 6.25 9.017   
16 Cheshire 4.60 8 21.10 5.10 86.20 89.9 3.70 9.017   
17 Clinton 13.90 19.3 27.90 4.50 75.25 76.5 1.25 9.017   
18 Colchester 7.90 6.6 26.20 9.90 75.30 77.4 2.10 9.017   
19 Columbia  6.50 26.3 27.00 6.80 84.33 85.2 0.87 9.017   
20 Coventry 5.10 20.8 29.60 8.60 81.55 80.9 -0.65 9.017   
21 Cromwell  8.70 5.2 27.80 6.60 75.79 72.4 -3.39 9.017   
22 Danbury 17.40 20.7 30.40 6.50 68.59 58.8 -9.79 9.017 NO 
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23 Darien 6.10 22.3 8.40 6.10 94.56 93.7 -0.86 9.017   
24 Derby 24.40 26.9 40.00 10.40 53.73 50.9 -2.83 9.017   
25 East Granby 5.20 0 23.20 2.10 84.61 82.5 -2.11 9.017   
26 East Haddam 10.80 6.2 29.90 5.40 73.45 76.7 3.25 9.017   
27 East Hampton  4.60 5.5 28.20 3.30 83.05 83.3 0.25 9.017   
28 East Hartford 28.60 27.5 36.20 13.80 48.39 44.5 -3.89 9.017   
29 East Haven  19.70 17.9 43.70 8.50 56.20 37.1 -19.10 9.017 NO 
30 East Lyme 9.70 4.2 26.70 7.70 74.08 81.2 7.12 9.017   
31 Easton 2.40 7.7 12.30 3.40 94.90 92.3 -2.60 9.017   
32 East Windsor  12.50 11.4 36.80 7.80 67.13 44.6 -22.53 9.017 NO 
33 Ellington 8.70 12.4 24.90 8.50 77.80 92.2 14.40 9.017 NO 
34 Enfield 14.00 16.8 37.50 8.20 66.16 72.8 6.64 9.017   
35 Fairfield 6.80 14.1 15.50 4.60 88.81 85.1 -3.71 9.017   
36 Farmington  4.70 6.3 18.70 4.10 87.76 84.4 -3.36 9.017   
37 Glastonbury 7.10 7.4 16.10 7.70 83.81 88.6 4.79 9.017   
38 Granby 3.10 0 19.50 6.60 85.43 87.3 1.87 9.017   
39 Greenwich 8.20 9.6 15.70 5.60 85.06 83.2 -1.86 9.017   
40 Griswold  15.90 22.2 40.80 9.90 62.22 55.3 -6.92 9.017   
41 Groton 18.00 20.6 28.90 9.70 66.11 59.7 -6.41 9.017   
42 Guilford  6.10 11.6 21.00 5.10 85.50 85 -0.50 9.017   
43 Hamden 14.30 11.8 26.10 8.40 70.60 67.9 -2.70 9.017   
44 Hartford  51.80 44.5 30.70 22.50 22.22 43 20.78 9.017 NO 
45 Hebron 3.70 17.7 20.20 6.70 89.07 85.7 -3.37 9.017   
46 Kent 15.60 29.2 24.80 3.90 78.18 92.3 14.12 9.017 NO 
47 Killingly 23.00 23.2 38.00 11.10 54.88 55.6 0.72 9.017   
48 Lebanon 14.30 0 29.20 10.80 63.74 70 6.26 9.017   
49 Ledyard  4.30 11.9 29.60 7.50 80.96 79.5 -1.46 9.017   
50 Lisbon 13.70 8.5 46.50 6.20 60.90 70.6 9.70 9.017   
51 Litchfield 12.40 14.8 20.60 6.20 78.43 88.5 10.07 9.017 NO 
52 Madison 6.40 0 12.50 4.50 87.19 91.1 3.91 9.017   
53 Manchester 18.20 15.8 27.70 10.00 65.00 57.5 -7.50 9.017   
54 Mansfield 7.70 21.7 18.70 7.70 85.55 76.6 -8.95 9.017   
55 Marlborough 4.30 0 26.50 5.50 81.07 93.2 12.13 9.017 NO 
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56 Meriden 27.30 32.6 33.70 13.50 52.90 50.4 -2.50 9.017   
57 Middletown 18.60 25.2 30.90 9.60 65.64 58.9 -6.74 9.017   
58 Milford  10.40 10.2 27.70 5.80 75.88 72.5 -3.38 9.017   
59 Monroe 5.80 2.8 23.20 5.00 82.32 87.1 4.78 9.017   
60 Montville  10.30 16.3 39.60 7.80 69.45 60.4 -9.05 9.017 NO 
61 Naugatuck 15.60 27.1 34.30 9.80 67.57 62 -5.57 9.017   
62 New Britain 36.90 33.1 34.70 15.90 39.46 21.7 -17.76 9.017 NO 
63 New Canaan 5.10 11.1 7.10 5.00 94.28 85 -9.28 9.017 NO 
64 New Fairfield  5.50 3.2 23.70 3.00 84.12 81.5 -2.62 9.017   
65 New Hartford 11.40 12.6 23.70 5.80 77.59 88.6 11.01 9.017 NO 
66 New Haven 38.70 36.9 28.30 15.80 42.03 44 1.97 9.017   
67 Newington  12.00 11.3 29.10 7.00 72.59 74.8 2.21 9.017   
68 New London 30.40 32.3 34.20 13.10 49.29 39.4 -9.89 9.017   
69 New Milford  7.50 14.1 29.50 7.70 77.75 70.6 -7.15 9.017   
70 North Branford 10.20 0 33.20 4.60 71.28 71.2 -0.08 9.017   
71 North Canaan 27.50 29.7 34.90 9.50 54.46 84.6 30.14 9.017 NO 
72 North Haven 11.30 13.9 31.70 4.70 74.53 74 -0.53 9.017   
73 North Stonington 11.70 0 29.10 4.80 71.66 59.2 -12.46 9.017 NO 
74 Norwalk  13.00 16.7 25.80 6.20 75.37 58.4 -16.97 9.017 NO 
75 Norwich 24.60 23.4 34.80 12.30 53.88 37.6 -16.28 9.017 NO 
76 Old Saybrook 11.80 28.7 22.70 6.10 81.80 89.8 8.00 9.017   
77 Orange 7.50 3.9 17.50 4.10 84.54 93.5 8.96 9.017   
78 Oxford 4.60 0 29.90 3.00 80.86 76.2 -4.66 9.017   
79 Plainfield 20.60 30.2 43.00 12.70 55.48 55.4 -0.08 9.017   
80 Plainville  14.10 20.1 38.10 8.00 66.76 68.2 1.44 9.017   
81 Plymouth 11.40 8.3 34.20 8.60 68.35 61.3 -7.05 9.017   
82 Pomfret  8.00 0 29.50 4.90 75.62 81 5.38 9.017   
83 Portland 6.40 24.7 29.60 5.00 84.03 86.5 2.47 9.017   
84 Preston  10.80 35.1 33.00 5.80 79.24 94.9 15.66 9.017 NO 
85 Putnam 25.20 26.6 37.00 11.90 53.17 53.6 0.43 9.017   
86 Redding 3.70 9.5 15.50 7.30 88.96 92.5 3.54 9.017   
87 Ridgefield  3.60 2.3 11.50 4.80 91.36 90.8 -0.56 9.017   
88 Rocky Hill 9.50 4.3 25.80 4.90 77.10 83.8 6.70 9.017   
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89 Salem 3.20 4.6 23.80 8.10 82.97 81.1 -1.87 9.017   
90 Salisbury 16.40 10.3 16.30 13.00 69.46 88.5 19.04 9.017 NO 
91 Seymour 12.30 8.1 36.70 7.60 66.69 69 2.31 9.017   
92 Shelton  8.70 7.9 30.70 4.20 76.86 78.2 1.34 9.017   
93 Sherman 5.60 10.3 15.70 4.60 89.06 93.6 4.54 9.017   
94 Simsbury  4.60 8 10.70 5.20 91.87 86.3 -5.57 9.017   
95 Somers 5.40 5.5 29.90 4.20 80.46 78.6 -1.86 9.017   
96 Southington 9.50 6.3 31.20 4.90 74.66 85.5 10.84 9.017 NO 
97 South Windsor 5.70 2.8 22.90 7.60 80.50 72 -8.50 9.017   
98 Sprague  9.10 38 34.20 8.00 79.54 78 -1.54 9.017   
99 Stafford 17.20 7.8 39.70 7.10 59.70 68.6 8.90 9.017   
100 Stamford  17.30 22.1 22.50 7.90 72.32 68.1 -4.22 9.017   
101 Sterling 20.10 53.4 45.70 13.70 60.04 88.1 28.06 9.017 NO 
102 Stonington  12.20 21.2 27.00 7.40 75.88 72.5 -3.38 9.017   
103 Stratford 13.50 7.6 31.80 6.80 68.53 61.9 -6.63 9.017   
104 Suffield 3.20 0 24.70 6.10 82.85 89.3 6.45 9.017   
105 Thomaston 6.20 7 35.00 5.70 75.91 76.5 0.59 9.017   
106 Thompson  15.70 8 40.40 7.40 60.85 58.8 -2.05 9.017   
107 Tolland 6.60 5.6 22.20 5.30 82.47 93.1 10.63 9.017 NO 
108 Torrington  22.60 30.6 37.90 9.30 58.86 62 3.14 9.017   
109 Trumbull 5.40 1.1 21.60 5.10 83.13 82.3 -0.83 9.017   
110 Vernon 15.70 30.2 30.40 9.90 70.37 57.8 -12.57 9.017 NO 
111 Voluntown 6.10 6 32.80 10.30 73.24 75 1.76 9.017   
112 Wallingford  11.60 12.5 31.50 7.00 72.05 68.8 -3.25 9.017   
113 Waterbury 36.80 35.5 35.90 17.80 38.02 31 -7.02 9.017   
114 Waterford  8.20 13.7 30.70 4.00 79.17 80.2 1.03 9.017   
115 Watertown 10.20 6.7 29.50 5.30 74.58 59.8 -14.78 9.017 NO 
116 Westbrook 21.10 0 28.70 8.30 58.19 74.6 16.41 9.017 NO 
117 West Hartford 10.70 11.3 16.50 6.50 81.46 77 -4.46 9.017   
118 West Haven  23.40 21.9 38.50 10.10 54.60 50.8 -3.80 9.017   
119 Weston 2.90 0 6.70 4.90 94.12 86.4 -7.72 9.017   
120 Westport 5.00 21 8.40 5.50 95.96 92.2 -3.76 9.017   
121 Wethersfield 11.60 8.3 26.20 6.00 74.65 81.3 6.65 9.017   
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122 Willington 12.10 4.8 25.50 5.50 73.92 88.6 14.68 9.017 NO 
123 Wilton 2.90 4 8.10 3.80 95.32 92.1 -3.22 9.017   
124 Winchester 15.30 12.1 35.40 9.10 63.81 48.9 -14.91 9.017 NO 
125 Windham  36.30 38.6 36.60 15.50 40.91 25.8 -15.11 9.017 NO 
126 Windsor 8.80 7.8 28.40 9.30 73.86 58.7 -15.16 9.017 NO 
127 Windsor Locks  17.30 14.4 38.80 9.70 59.76 69 9.24 9.017 NO 
128 Wolcott 7.30 0 37.00 6.70 70.83 81.5 10.67 9.017 NO 
129 Woodbridge 4.20 9.9 12.10 3.00 93.85 95.2 1.35 9.017   
130 Woodstock 6.10 0 30.70 6.80 75.61 83 7.39 9.017    
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Appendix D 
2011 Reading CMT District Predictions: 66.7% Accuracy 
 Correctly Predicted 84 out of 126 Connecticut District Scores  
o Four Outlier Districts Removed: East Hartford, New Britain, New London, and 
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1 Ansonia 9.7 25.40 36.80 70.1191 66.8 -3.3191 6.544   
2 Ashford 5.0 10.50 28.20 83.2515 75.5 -7.7515 6.544 NO 
3 Avon 5.0 7.50 12.50 89.345 95.6 6.255 6.544   
4 Barkhamsted 0.9 4.00 27.70 89.7452 92 2.2548 6.544   
5 Berlin 6.4 13.20 29.60 80.4502 87.6 7.1498 6.544 NO 
6 Bethany 5.1 7.60 20.40 86.8063 88.3 1.4937 6.544   
7 Bethel 4.2 9.00 28.10 84.6201 92.5 7.8799 6.544 NO 
8 Bloomfield 7.6 10.70 24.20 82.1563 65.5 -16.6563 6.544 NO 
9 Branford 5.8 12.80 24.30 82.7549 78.7 -4.0549 6.544   
10 Bridgeport 21.9 36.80 33.70 55.6502 46.6 -9.0502 6.544 NO 
11 Bristol 8.2 17.80 38.40 74.2226 73.4 -0.8226 6.544   
12 Brookfield  3.1 7.20 21.60 88.3283 92.1 3.7717 6.544   
13 Brooklyn 8.0 16.70 35.90 75.635 85.9 10.265 6.544 NO 
14 Canterbury 1.5 6.10 39.20 84.81 78.6 -6.21 6.544   
15 Canton 4.2 9.00 17.90 87.7311 93.5 5.7689 6.544   
16 Cheshire 2.5 4.60 21.10 90.126 93.6 3.474 6.544   
17 Clinton 3.6 13.90 27.90 83.0638 82.4 -0.6638 6.544   
18 Colchester 2.5 7.90 26.20 87.135 83.1 -4.035 6.544   
19 Columbia  3.9 6.50 27.00 86.3002 85.2 -1.1002 6.544   
20 Coventry 3.8 5.10 29.60 86.2019 84.1 -2.1019 6.544   
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21 Cromwell  2.6 8.70 27.80 86.2133 78.2 -8.0133 6.544 NO 
22 Danbury 10.0 17.40 30.40 75.294 64.9 -10.394 6.544 NO 
23 Darien 5.1 6.10 8.40 91.1188 93.8 2.6812 6.544   
24 Derby 12.8 24.40 40.00 66.9214 59.2 -7.7214 6.544 NO 
25 East Granby 3.0 5.20 23.20 88.796 78.3 -10.496 6.544 NO 
26 East Haddam 5.2 10.80 29.90 82.4311 85.3 2.8689 6.544   
27 East Hampton  3.8 4.60 28.20 86.8464 84.8 -2.0464 6.544   
28 East Hartford 16.0 28.60 36.20 63.511 45.4 -18.111 6.544 NO 
29 East Haven  7.8 19.70 43.70 72.1224 74.7 2.5776 6.544   
30 East Lyme 3.2 9.70 26.70 85.5996 92.6 7.0004 6.544 NO 
31 Easton 0.9 2.40 12.30 95.1382 93.2 -1.9382 6.544   
32 East Windsor  5.1 12.50 36.80 79.6728 66.3 -13.3728 6.544 NO 
33 Ellington 2.8 8.70 24.90 86.9264 85.2 -1.7264 6.544   
34 Enfield 7.2 14.00 37.50 77.0071 84.8 7.7929 6.544 NO 
35 Fairfield 3.5 6.80 15.50 90.02 88.7 -1.32 6.544   
36 Farmington  4.5 4.70 18.70 89.1005 89.8 0.6995 6.544   
37 Glastonbury 3.2 7.10 16.10 89.9636 91.3 1.3364 6.544   
38 Granby 1.3 3.10 19.50 92.2949 93 0.7051 6.544   
39 Greenwich 3.7 8.20 15.70 89.1786 86.6 -2.5786 6.544   
40 Griswold  7.9 15.90 40.80 74.5742 87.5 12.9258 6.544 NO 
41 Groton 7.4 18.00 28.90 77.7187 76 -1.7187 6.544   
42 Guilford  3.7 6.10 21.00 88.4756 91.6 3.1244 6.544   
43 Hamden 7.7 14.30 26.10 79.9251 76.2 -3.7251 6.544   
44 Hartford  32.9 51.80 30.70 40.6132 48.3 7.6868 6.544 NO 
45 Hebron 2.3 3.70 20.20 90.9634 93.7 2.7366 6.544   
46 Kent 9.0 15.60 24.80 78.642 96.3 17.658 6.544 NO 
47 Killingly 9.3 23.00 38.00 71.1399 81.4 10.2601 6.544 NO 
48 Lebanon 3.8 14.30 29.20 82.3219 83.2 0.8781 6.544   
49 Ledyard  2.6 4.30 29.60 87.5783 87.6 0.0217 6.544   
50 Lisbon 4.5 13.70 46.50 76.7065 85.5 8.7935 6.544 NO 
51 Litchfield 5.1 12.40 20.60 84.6573 83 -1.6573 6.544   
52 Madison 2.1 6.40 12.50 92.3088 94.2 1.8912 6.544   
53 Manchester 8.2 18.20 27.70 77.3121 73.7 -3.6121 6.544   
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54 Mansfield 17.4 7.70 18.70 76.7402 77.9 1.1598 6.544   
55 Marlborough 1.3 4.30 26.50 89.6379 95.3 5.6621 6.544 NO 
56 Meriden 14.8 27.30 33.70 65.8674 53.7 -12.1674 6.544 NO 
57 Middletown 11.5 18.60 30.90 73.334 65.5 -7.834 6.544 NO 
58 Milford  3.9 10.40 27.70 84.3902 82.9 -1.4902 6.544   
59 Monroe 3.3 5.80 23.20 88.2779 91.3 3.0221 6.544   
60 Montville  5.2 10.30 39.60 79.6901 81.1 1.4099 6.544   
61 Naugatuck 8.5 15.60 34.30 76.173 66.7 -9.473 6.544 NO 
62 New Britain 20.9 36.90 34.70 56.1587 37 -19.1587 6.544 NO 
63 New Canaan 2.2 5.10 7.10 94.4356 97.2 2.7644 6.544   
64 New Fairfield  1.4 5.50 23.70 89.8842 84.6 -5.2842 6.544   
65 New Hartford 3.2 11.40 23.70 85.7751 91.7 5.9249 6.544   
66 New Haven 26.3 38.70 28.30 52.6999 53.6 0.9001 6.544   
67 Newington  4.6 12.00 29.10 82.6673 88.2 5.5327 6.544   
68 New London 17.9 30.40 34.20 61.7097 43.9 -17.8097 6.544 NO 
69 New Milford  4.1 7.50 29.50 84.9313 78.7 -6.2313 6.544   
70 North Branford 1.3 10.20 33.20 85.0279 68.5 -16.5279 6.544 NO 
71 North Canaan 13.9 27.50 34.90 66.1857 78.8 12.6143 6.544 NO 
72 North Haven 4.3 11.30 31.70 82.4359 77.1 -5.3359 6.544   
73 North Stonington 5.5 11.70 29.10 82.0265 89.3 7.2735 6.544 NO 
74 Norwalk  8.0 13.00 25.80 80.325 67.8 -12.525 6.544 NO 
75 Norwich 14.6 24.60 34.80 66.8778 63.1 -3.7778 6.544   
76 Old Saybrook 5.9 11.80 22.70 83.5922 91.8 8.2078 6.544 NO 
77 Orange 2.6 7.50 17.50 89.8768 91.2 1.3232 6.544   
78 Oxford 1.7 4.60 29.90 88.1276 82 -6.1276 6.544   
79 Plainfield 10.7 20.60 43.00 69.4591 82.2 12.7409 6.544 NO 
80 Plainville  6.7 14.10 38.10 77.2091 81.7 4.4909 6.544   
81 Plymouth 5.7 11.40 34.20 80.4301 71.3 -9.1301 6.544 NO 
82 Pomfret  5.3 8.00 29.50 83.6854 84.7 1.0146 6.544   
83 Portland 5.3 6.40 29.60 84.3509 92.9 8.5491 6.544 NO 
84 Preston  10.6 10.80 33.00 76.8578 80 3.1422 6.544   
85 Putnam 15.4 25.20 37.00 65.2602 63.1 -2.1602 6.544   
86 Redding 3.7 3.70 15.50 91.1971 95.6 4.4029 6.544   
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87 Ridgefield  1.9 3.60 11.50 94.0032 90.2 -3.8032 6.544   
88 Rocky Hill 6.0 9.50 25.80 83.5615 90.9 7.3385 6.544 NO 
89 Salem 3.2 3.20 23.80 89.3116 97.6 8.2884 6.544 NO 
90 Salisbury 6.8 16.40 16.30 82.7719 89.8 7.0281 6.544 NO 
91 Seymour 5.2 12.30 36.70 79.7046 71.7 -8.0046 6.544 NO 
92 Shelton  4.1 8.70 30.70 84.0433 89.2 5.1567 6.544   
93 Sherman 1.8 5.60 15.70 91.9379 89.6 -2.3379 6.544   
94 Simsbury  2.0 4.60 10.70 93.7265 93 -0.7265 6.544   
95 Somers 4.4 5.40 29.90 85.4657 81.3 -4.1657 6.544   
96 Southington 3.5 9.50 31.20 84.057 85.7 1.643 6.544   
97 South Windsor 3.7 5.70 22.90 88.0701 90.3 2.2299 6.544   
98 Sprague  8.5 9.10 34.20 79.031 85.3 6.269 6.544   
99 Stafford 6.1 17.20 39.70 75.8868 81 5.1132 6.544   
100 Stamford  11.0 17.30 22.50 76.89 68 -8.89 6.544 NO 
101 Sterling 12.8 20.10 45.70 67.0534 77.1 10.0466 6.544 NO 
102 Stonington  5.1 12.20 27.00 82.7923 75.7 -7.0923 6.544 NO 
103 Stratford 5.5 13.50 31.80 80.42 79.5 -0.92 6.544   
104 Suffield 2.2 3.20 24.70 89.8941 87.7 -2.1941 6.544   
105 Thomaston 2.8 6.20 35.00 84.9334 82.7 -2.2334 6.544   
106 Thompson  6.2 15.70 40.40 76.2401 73 -3.2401 6.544   
107 Tolland 3.2 6.60 22.20 88.3206 94.1 5.7794 6.544   
108 Torrington  12.0 22.60 37.90 69.0305 77.6 8.5695 6.544 NO 
109 Trumbull 2.3 5.40 21.60 89.7969 89.1 -0.6969 6.544   
110 Vernon 8.5 15.70 30.40 77.319 71.2 -6.119 6.544   
111 Voluntown 2.2 6.10 32.80 86.1621 93.9 7.7379 6.544 NO 
112 Wallingford  6.0 11.60 31.50 80.9095 80.9 -0.0095 6.544   
113 Waterbury 20.6 36.80 35.90 56.0933 51.6 -4.4933 6.544   
114 Waterford  4.3 8.20 30.70 84.0894 85.7 1.6106 6.544   
115 Watertown 3.4 10.20 29.50 84.3567 81 -3.3567 6.544   
116 Westbrook 4.3 21.10 28.70 79.0879 84.5 5.4121 6.544   
117 West Hartford 6.1 10.70 16.50 85.7903 86 0.2097 6.544   
118 West Haven  10.5 23.40 38.50 69.785 64.6 -5.185 6.544   
119 Weston 2.4 2.90 6.70 95.3432 92.8 -2.5432 6.544   
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120 Westport 3.5 5.00 8.40 92.9685 93.9 0.9315 6.544   
121 Wethersfield 4.5 11.60 26.20 83.8115 77.5 -6.3115 6.544   
122 Willington 16.5 12.10 25.50 73.5235 67.2 -6.3235 6.544   
123 Wilton 2.1 2.90 8.10 95.1733 93.1 -2.0733 6.544   
124 Winchester 6.7 15.30 35.40 77.5106 77.6 0.0894 6.544   
125 Windham  21.9 36.30 36.60 54.9832 36.4 -18.5832 6.544 NO 
126 Windsor 4.0 8.80 28.40 84.787 72.8 -11.987 6.544 NO 
127 Windsor Locks  8.2 17.30 38.80 74.3181 65 -9.3181 6.544 NO 
128 Wolcott 3.3 7.30 37.00 83.4164 86.6 3.1836 6.544   
129 Woodbridge 2.2 4.20 12.10 93.3021 100 6.6979 6.544 No 
130 Woodstock 5.2 6.10 30.70 84.2316 84.8 0.5684 6.544    
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Appendix E 
2012 Reading CMT District Predictions: 68.5% Accuracy 
 Correctly Predicted 87 out of 127 Connecticut District Scores  
o Three Outlier Districts Removed: New Britain, New London, and Windham 
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1 Ansonia 25.40 14.70 36.80 63.9542 57.8 -6.1542 6.259   
2 Ashford 10.50 7.10 28.20 81.7613 71.7 -10.0613 6.259 NO 
3 Avon 7.50 3.50 12.50 89.6605 94.4 4.7395 6.259   
4 Barkhamsted 4.00 5.80 27.70 87.7094 84.6 -3.1094 6.259   
5 Berlin 13.20 7.60 29.60 79.0376 90.4 11.3624 6.259 NO 
6 Bethany 7.60 2.20 20.40 88.456 88.9 0.444 6.259   
7 Bethel 9.00 6.30 28.10 83.3964 81.4 -1.9964 6.259   
8 Bloomfield 10.70 10.00 24.20 80.9803 70.3 -10.6803 6.259 NO 
9 Branford 12.80 7.20 24.30 80.7858 81.3 0.5142 6.259   
10 Bridgeport 36.80 27.00 33.70 49.1062 44.6 -4.5062 6.259   
11 Bristol 17.80 12.00 38.40 71.0342 71.1 0.0658 6.259   
12 Brookfield  7.20 4.30 21.60 87.3792 87.6 0.2208 6.259   
13 Brooklyn 16.70 15.10 35.90 70.8301 81.9 11.0699 6.259 NO 
14 Canterbury 6.10 12.30 39.20 79.9453 78.3 -1.6453 6.259   
15 Canton 9.00 4.70 17.90 86.5936 96.2 9.6064 6.259 NO 
16 Cheshire 4.60 6.60 21.10 88.3272 93.8 5.4728 6.259   
17 Clinton 13.90 7.00 27.90 79.1941 86.9 7.7059 6.259 NO 
18 Colchester 7.90 4.60 26.20 85.6079 84.3 -1.3079 6.259   
19 Columbia  6.50 5.10 27.00 86.2653 88.4 2.1347 6.259   
20 Coventry 5.10 5.40 29.60 86.6151 87.6 0.9849 6.259   
21 Cromwell  8.70 6.20 27.80 83.7559 88.5 4.7441 6.259   
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22 Danbury 17.40 17.70 30.40 70.1582 67.5 -2.6582 6.259   
23 Darien 6.10 2.50 8.40 92.2429 92.2 -0.0429 6.259   
24 Derby 24.40 14.00 40.00 64.3816 64.6 0.2184 6.259   
25 East Granby 5.20 7.50 23.20 86.8908 83.1 -3.7908 6.259   
26 East Haddam 10.80 5.10 29.90 82.197 75.5 -6.697 6.259 NO 
27 East Hampton  4.60 5.50 28.20 87.2794 79.4 -7.8794 6.259 NO 
28 East Hartford 28.60 18.80 36.20 59.3798 45.4 -13.9798 6.259 NO 
29 East Haven  19.70 11.50 43.70 68.5783 64.9 -3.6783 6.259   
30 East Lyme 9.70 8.70 26.70 81.8879 91 9.1121 6.259 NO 
31 Easton 2.40 2.80 12.30 94.113 83.1 -11.013 6.259 NO 
32 East Windsor  12.50 9.20 36.80 77.0841 75.8 -1.2841 6.259   
33 Ellington 8.70 5.50 24.90 84.7953 90.4 5.6047 6.259   
34 Enfield 14.00 11.10 37.50 74.7258 71.6 -3.1258 6.259   
35 Fairfield 6.80 5.20 15.50 88.6198 87.3 -1.3198 6.259   
36 Farmington  4.70 4.50 18.70 89.9173 93.6 3.6827 6.259   
37 Glastonbury 7.10 3.70 16.10 89.0425 88.2 -0.8425 6.259   
38 Granby 3.10 3.90 19.50 91.3181 96.8 5.4819 6.259   
39 Greenwich 8.20 4.90 15.70 87.626 86.7 -0.926 6.259   
40 Griswold  15.90 9.70 40.80 73.2087 74.1 0.8913 6.259   
41 Groton 18.00 9.10 28.90 74.6038 69.6 -5.0038 6.259   
42 Guilford  6.10 3.90 21.00 88.6001 92 3.3999 6.259   
43 Hamden 14.30 7.90 26.10 78.8129 72.5 -6.3129 6.259 NO 
44 Hartford  51.80 32.10 30.70 35.218 47.4 12.182 6.259 NO 
45 Hebron 3.70 2.90 20.20 91.2145 95.1 3.8855 6.259   
46 Kent 15.60 7.90 24.80 78.0836 88.9 10.8164 6.259 NO 
47 Killingly 23.00 16.30 38.00 64.7254 63.5 -1.2254 6.259   
48 Lebanon 14.30 8.00 29.20 78.0467 67 -11.0467 6.259 NO 
49 Ledyard  4.30 5.10 29.60 87.4075 90.3 2.8925 6.259   
50 Lisbon 13.70 8.40 46.50 74.3295 76.7 2.3705 6.259   
51 Litchfield 12.40 6.90 20.60 82.1128 88.8 6.6872 6.259 NO 
52 Madison 6.40 4.10 12.50 90.2114 93.9 3.6886 6.259   
53 Manchester 18.20 9.50 27.70 74.5088 66.7 -7.8088 6.259 NO 
54 Mansfield 7.70 9.40 18.70 84.9375 86.4 1.4625 6.259   
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55 Marlborough 4.30 3.70 26.50 88.8653 96 7.1347 6.259 NO 
56 Meriden 27.30 18.50 33.70 61.1427 52.2 -8.9427 6.259 NO 
57 Middletown 18.60 10.30 30.90 73.0308 65 -8.0308 6.259 NO 
58 Milford  10.40 7.50 27.70 81.7426 80 -1.7426 6.259   
59 Monroe 5.80 6.00 23.20 87.2142 85.1 -2.1142 6.259   
60 Montville  10.30 14.70 39.60 75.2543 79.2 3.9457 6.259   
61 Naugatuck 15.60 12.60 34.30 73.3982 69.7 -3.6982 6.259   
62 New Britain 36.90 23.90 34.70 50.4463 30.1 -20.3463 6.259 NO 
63 New Canaan 5.10 3.80 7.10 92.6413 89.4 -3.2413 6.259   
64 New Fairfield  5.50 4.60 23.70 88.0813 79.1 -8.9813 6.259 NO 
65 New Hartford 11.40 6.10 23.70 82.6164 91.1 8.4836 6.259 NO 
66 New Haven 38.70 19.50 28.30 52.8353 54.1 1.2647 6.259   
67 Newington  12.00 9.80 29.10 78.9314 79.9 0.9686 6.259   
68 New London 30.40 17.40 34.20 59.1608 40 -19.1608 6.259 NO 
69 New Milford  7.50 6.00 29.50 84.4205 83.4 -1.0205 6.259   
70 North Branford 10.20 7.00 33.20 80.9018 79.1 -1.8018 6.259   
71 North Canaan 27.50 16.30 34.90 61.8789 82.1 20.2211 6.259 NO 
72 North Haven 11.30 8.30 31.70 79.6851 80 0.3149 6.259   
73 North Stonington 11.70 5.80 29.10 81.2967 79.2 -2.0967 6.259   
74 Norwalk  13.00 11.30 25.80 78.1014 71 -7.1014 6.259 NO 
75 Norwich 24.60 15.10 34.80 64.8342 55.6 -9.2342 6.259 NO 
76 Old Saybrook 11.80 5.00 22.70 83.1152 94 10.8848 6.259 NO 
77 Orange 7.50 6.00 17.50 87.1805 91.2 4.0195 6.259   
78 Oxford 4.60 5.70 29.90 86.782 83.3 -3.482 6.259   
79 Plainfield 20.60 17.50 43.00 64.8354 73.2 8.3646 6.259 NO 
80 Plainville  14.10 10.90 38.10 74.6151 84.8 10.1849 6.259 NO 
81 Plymouth 11.40 9.40 34.20 78.4458 71 -7.4458 6.259 NO 
82 Pomfret  8.00 5.80 29.50 84.1314 80 -4.1314 6.259   
83 Portland 6.40 5.70 29.60 85.4272 92.9 7.4728 6.259 NO 
84 Preston  10.80 12.10 33.00 77.76 83.3 5.54 6.259   
85 Putnam 25.20 12.00 37.00 65.5028 61.9 -3.6028 6.259   
86 Redding 3.70 2.10 15.50 92.7211 92.7 -0.0211 6.259   
87 Ridgefield  3.60 2.00 11.50 93.7734 91 -2.7734 6.259   
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88 Rocky Hill 9.50 8.40 25.80 82.4127 91.1 8.6873 6.259 NO 
89 Salem 3.20 4.60 23.80 89.8776 92.3 2.4224 6.259   
90 Salisbury 16.40 7.00 16.30 79.8846 89.7 9.8154 6.259 NO 
91 Seymour 12.30 7.20 36.70 78.3293 74 -4.3293 6.259   
92 Shelton  8.70 8.60 30.70 81.8121 86.4 4.5879 6.259   
93 Sherman 5.60 3.50 15.70 90.4274 83 -7.4274 6.259 NO 
94 Simsbury  4.60 3.30 10.70 92.4748 96.9 4.4252 6.259   
95 Somers 5.40 11.60 29.90 83.0104 78.8 -4.2104 6.259   
96 Southington 9.50 7.80 31.20 81.4899 86.1 4.6101 6.259   
97 South Windsor 5.70 6.10 22.90 87.3091 88.5 1.1909 6.259   
98 Sprague  9.10 10.10 34.20 79.8927 89.3 9.4073 6.259 NO 
99 Stafford 17.20 8.80 39.70 72.9122 77.1 4.1878 6.259   
100 Stamford  17.30 14.20 22.50 73.9163 64.6 -9.3163 6.259 NO 
101 Sterling 20.10 13.20 45.70 66.8975 72.7 5.8025 6.259   
102 Stonington  12.20 5.90 27.00 81.331 75.1 -6.231 6.259   
103 Stratford 13.50 11.50 31.80 76.2195 80.2 3.9805 6.259   
104 Suffield 3.20 8.80 24.70 87.4362 90.9 3.4638 6.259   
105 Thomaston 6.20 9.10 35.00 82.5346 85.2 2.6654 6.259   
106 Thompson  15.70 13.50 40.40 71.4373 69.7 -1.7373 6.259   
107 Tolland 6.60 5.40 22.20 87.1306 90.9 3.7694 6.259   
108 Torrington  22.60 13.70 37.90 66.448 75.7 9.252 6.259 NO 
109 Trumbull 5.40 6.50 21.60 87.6326 88.2 0.5674 6.259   
110 Vernon 15.70 9.50 30.40 75.8653 62 -13.8653 6.259 NO 
111 Voluntown 6.10 11.20 32.80 82.0025 78.6 -3.4025 6.259   
112 Wallingford  11.60 8.70 31.50 79.281 77.6 -1.681 6.259   
113 Waterbury 36.80 21.20 35.90 51.6858 47.6 -4.0858 6.259   
114 Waterford  8.20 7.80 30.70 82.6332 82.1 -0.5332 6.259   
115 Watertown 10.20 8.20 29.50 81.1144 78.3 -2.8144 6.259   
116 Westbrook 21.10 7.70 28.70 72.9425 79.1 6.1575 6.259   
117 West Hartford 10.70 6.40 16.50 84.6665 84.5 -0.1665 6.259   
118 West Haven  23.40 11.90 38.50 66.6348 59.1 -7.5348 6.259 NO 
119 Weston 2.90 1.20 6.70 95.8567 93.3 -2.5567 6.259   
120 Westport 5.00 2.60 8.40 93.0598 89.4 -3.6598 6.259   
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121 Wethersfield 11.60 10.30 26.20 79.6488 81.1 1.4512 6.259   
122 Willington 12.10 7.50 25.50 80.9039 67.2 -13.7039 6.259 NO 
123 Wilton 2.90 3.40 8.10 94.3643 93.4 -0.9643 6.259   
124 Winchester 15.30 12.00 35.40 73.7017 72.5 -1.2017 6.259   
125 Windham  36.30 22.00 36.60 51.4947 41.9 -9.5947 6.259 NO 
126 Windsor 8.80 6.70 28.40 83.2728 76.8 -6.4728 6.259 NO 
127 Windsor Locks  17.30 9.70 38.80 72.5613 70.6 -1.9613 6.259   
128 Wolcott 7.30 7.40 37.00 82.1089 85.5 3.3911 6.259   
129 Woodbridge 4.20 4.30 12.10 91.9372 91.3 -0.6372 6.259   
130 Woodstock 6.10 5.40 30.70 85.5711 82.2 -3.3711 6.259    
  
220  
  
Appendix F 
2013 Reading CMT District Predictions: 69.3% Accuracy 
 Correctly Predicted 88 out of 127 Connecticut District Scores  
o Three Outlier Districts Removed: Bridgeport, New Britain, and Windham 
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1 Ansonia 25.40 14.70 36.80 65.0044 70.1 5.096 6.959   
2 Ashford 10.50 7.10 28.20 81.4573 65.2 -16.257 6.959 NO 
3 Avon 7.50 3.50 12.50 89.429 93.6 4.171 6.959   
4 Barkhamsted 4.00 5.80 27.70 86.4061 89.3 2.894 6.959   
5 Berlin 13.20 7.60 29.60 79.1656 81.9 2.734 6.959   
6 Bethany 7.60 2.20 20.40 88.5776 90 1.422 6.959   
7 Bethel 9.00 6.30 28.10 82.9689 84 1.031 6.959   
8 Bloomfield 10.70 10.00 24.20 80.0669 70.6 -9.467 6.959 NO 
9 Branford 12.80 7.20 24.30 80.8839 81.4 0.516 6.959   
10 Bridgeport 36.80 27.00 33.70 49.7369 40.4 -9.337 6.959 NO 
11 Bristol 17.80 12.00 38.40 71.1838 61.9 -9.284 6.959 NO 
12 Brookfield  7.20 4.30 21.60 86.9814 83.8 -3.181 6.959   
13 Brooklyn 16.70 15.10 35.90 70.0832 79.2 9.117 6.959 NO 
14 Canterbury 6.10 12.30 39.20 77.7431 72.4 -5.343 6.959   
15 Canton 9.00 4.70 17.90 86.4371 89.6 3.163 6.959   
16 Cheshire 4.60 6.60 21.10 86.9241 89.5 2.576 6.959   
17 Clinton 13.90 7.00 27.90 79.5758 77.8 -1.776 6.959   
18 Colchester 7.90 4.60 26.20 85.3153 86.3 0.985 6.959   
19 Columbia  6.50 5.10 27.00 85.5969 88.9 3.303 6.959   
20 Coventry 5.10 5.40 29.60 85.6263 87.7 2.074 6.959   
21 Cromwell  8.70 6.20 27.80 83.2889 75.9 -7.389 6.959 NO 
221  
  
22 Danbury 17.40 17.70 30.40 68.9536 62.2 -6.754 6.959   
23 Darien 6.10 2.50 8.40 91.9223 89.7 -2.222 6.959   
24 Derby 24.40 14.00 40.00 65.408 69.3 3.892 6.959   
25 East Granby 5.20 7.50 23.20 85.4274 77.5 -7.927 6.959 NO 
26 East Haddam 10.80 5.10 29.90 82.3917 84.1 1.708 6.959   
27 East Hampton  4.60 5.50 28.20 86.1614 73.8 -12.361 6.959 NO 
28 East Hartford 28.60 18.80 36.20 60.1756 51.5 -8.676 6.959 NO 
29 East Haven  19.70 11.50 43.70 69.2444 57.8 -11.444 6.959 NO 
30 East Lyme 9.70 8.70 26.70 81.0742 85.5 4.426 6.959   
31 Easton 2.40 2.80 12.30 93.0303 89.7 -3.330 6.959   
32 East Windsor  12.50 9.20 36.80 76.7829 61.6 -15.183 6.959 NO 
33 Ellington 8.70 5.50 24.90 84.4578 89.5 5.042 6.959   
34 Enfield 14.00 11.10 37.50 74.3169 73.3 -1.017 6.959   
35 Fairfield 6.80 5.20 15.50 87.9083 85.9 -2.008 6.959   
36 Farmington  4.70 4.50 18.70 88.9664 92.6 3.634 6.959   
37 Glastonbury 7.10 3.70 16.10 88.715 89 0.285 6.959   
38 Granby 3.10 3.90 19.50 90.1876 93.7 3.512 6.959   
39 Greenwich 8.20 4.90 15.70 87.2545 85.9 -1.355 6.959   
40 Griswold  15.90 9.70 40.80 73.4949 73.4 -0.095 6.959   
41 Groton 18.00 9.10 28.90 75.3467 70.4 -4.947 6.959   
42 Guilford  6.10 3.90 21.00 88.0681 90.7 2.632 6.959   
43 Hamden 14.30 7.90 26.10 79.0678 72.5 -6.568 6.959   
44 Hartford  51.80 32.10 30.70 37.6763 51.8 14.124 6.959 NO 
45 Hebron 3.70 2.90 20.20 90.4205 91.2 0.779 6.959   
46 Kent 15.60 7.90 24.80 78.5842 89.3 10.716 6.959 NO 
47 Killingly 23.00 16.30 38.00 64.9712 68.3 3.329 6.959   
48 Lebanon 14.30 8.00 29.20 78.3019 86.2 7.898 6.959 NO 
49 Ledyard  4.30 5.10 29.60 86.3261 85.6 -0.726 6.959   
50 Lisbon 13.70 8.40 46.50 74.5026 85.1 10.597 6.959 NO 
51 Litchfield 12.40 6.90 20.60 82.1708 89.7 7.529 6.959 NO 
52 Madison 6.40 4.10 12.50 89.6359 91.8 2.164 6.959   
53 Manchester 18.20 9.50 27.70 75.1969 69.7 -5.497 6.959   
54 Mansfield 7.70 9.40 18.70 83.526 80 -3.526 6.959   
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55 Marlborough 4.30 3.70 26.50 88.0618 90.7 2.638 6.959   
56 Meriden 27.30 18.50 33.70 61.7304 56 -5.730 6.959   
57 Middletown 18.60 10.30 30.90 73.6485 65.3 -8.349 6.959 NO 
58 Milford  10.40 7.50 27.70 81.3299 75.8 -5.530 6.959   
59 Monroe 5.80 6.00 23.20 86.1894 91.5 5.311 6.959   
60 Montville  10.30 14.70 39.60 73.3645 73.9 0.535 6.959   
61 Naugatuck 15.60 12.60 34.30 72.9595 74.7 1.741 6.959   
62 New Britain 36.90 23.90 34.70 51.767 32.9 -18.867 6.959 NO 
63 New Canaan 5.10 3.80 7.10 91.8374 89.8 -2.037 6.959   
64 New Fairfield  5.50 4.60 23.70 87.3008 84.4 -2.901 6.959   
65 New Hartford 11.40 6.10 23.70 82.6713 94.3 11.629 6.959 NO 
66 New Haven 38.70 19.50 28.30 55.4056 52 -3.406 6.959   
67 Newington  12.00 9.80 29.10 78.3499 85.5 7.150 6.959 NO 
68 New London 30.40 17.40 34.20 60.595 43.6 -16.995 6.959 NO 
69 New Milford  7.50 6.00 29.50 83.773 81.5 -2.273 6.959   
70 North Branford 10.20 7.00 33.20 80.5954 78.9 -1.695 6.959   
71 North Canaan 27.50 16.30 34.90 62.985 71.8 8.815 6.959 NO 
72 North Haven 11.30 8.30 31.70 79.3056 77 -2.306 6.959   
73 North Stonington 11.70 5.80 29.10 81.5124 73.3 -8.212 6.959 NO 
74 Norwalk  13.00 11.30 25.80 77.3718 66 -11.372 6.959 NO 
75 Norwich 24.60 15.10 34.80 65.628 51.4 -14.228 6.959 NO 
76 Old Saybrook 11.80 5.00 22.70 83.4769 90.8 7.323 6.959 NO 
77 Orange 7.50 6.00 17.50 86.449 96.8 10.351 6.959 NO 
78 Oxford 4.60 5.70 29.90 85.6331 73.3 -12.333 6.959 NO 
79 Plainfield 20.60 17.50 43.00 64.389 67 2.611 6.959   
80 Plainville  14.10 10.90 38.10 74.2728 82.5 8.227 6.959 NO 
81 Plymouth 11.40 9.40 34.20 77.868 77.8 -0.068 6.959   
82 Pomfret  8.00 5.80 29.50 83.6247 89.7 6.075 6.959   
83 Portland 6.40 5.70 29.60 84.629 93.5 8.871 6.959 NO 
84 Preston  10.80 12.10 33.00 76.4784 97.4 20.922 6.959 NO 
85 Putnam 25.20 12.00 37.00 67.093 67 -0.093 6.959   
86 Redding 3.70 2.10 15.50 92.0654 90.2 -1.865 6.959   
87 Ridgefield  3.60 2.00 11.50 93.0915 88.4 -4.692 6.959   
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88 Rocky Hill 9.50 8.40 25.80 81.6177 85.5 3.882 6.959   
89 Salem 3.20 4.60 23.80 88.647 83 -5.647 6.959   
90 Salisbury 16.40 7.00 16.30 80.6751 88.5 7.825 6.959 NO 
91 Seymour 12.30 7.20 36.70 78.4162 67 -11.416 6.959 NO 
92 Shelton  8.70 8.60 30.70 80.8518 84 3.148 6.959   
93 Sherman 5.60 3.50 15.70 89.8459 93.6 3.754 6.959   
94 Simsbury  4.60 3.30 10.70 91.7051 92.2 0.495 6.959   
95 Somers 5.40 11.60 29.90 80.7557 79.4 -1.356 6.959   
96 Southington 9.50 7.80 31.20 80.8611 86.4 5.539 6.959   
97 South Windsor 5.70 6.10 22.90 86.2412 86.9 0.659 6.959   
98 Sprague  9.10 10.10 34.20 78.7143 80 1.286 6.959   
99 Stafford 17.20 8.80 39.70 73.6381 80.9 7.262 6.959 NO 
100 Stamford  17.30 14.20 22.50 73.3858 70.7 -2.686 6.959   
101 Sterling 20.10 13.20 45.70 67.2922 81 13.708 6.959 NO 
102 Stonington  12.20 5.90 27.00 81.6086 80.2 -1.409 6.959   
103 Stratford 13.50 11.50 31.80 75.5871 73.5 -2.087 6.959   
104 Suffield 3.20 8.80 24.70 85.3131 86.9 1.587 6.959   
105 Thomaston 6.20 9.10 35.00 81.0074 76.5 -4.507 6.959   
106 Thompson  15.70 13.50 40.40 70.8683 72.9 2.032 6.959   
107 Tolland 6.60 5.40 22.20 86.384 94.5 8.116 6.959 NO 
108 Torrington  22.60 13.70 37.90 67.1711 73.7 6.529 6.959   
109 Trumbull 5.40 6.50 21.60 86.4112 88.1 1.689 6.959   
110 Vernon 15.70 9.50 30.40 76.0823 62.9 -13.182 6.959 NO 
111 Voluntown 6.10 11.20 32.80 79.9909 90.6 10.609 6.959 NO 
112 Wallingford  11.60 8.70 31.50 78.8733 75 -3.873 6.959   
113 Waterbury 36.80 21.20 35.90 53.5731 43.8 -9.773 6.959 NO 
114 Waterford  8.20 7.80 30.70 81.7461 83.1 1.354 6.959   
115 Watertown 10.20 8.20 29.50 80.5253 77.5 -3.025 6.959   
116 Westbrook 21.10 7.70 28.70 74.5912 83.3 8.709 6.959 NO 
117 West Hartford 10.70 6.40 16.50 84.4696 83.6 -0.870 6.959   
118 West Haven  23.40 11.90 38.50 67.9041 71.4 3.496 6.959   
119 Weston 2.90 1.20 6.70 95.1752 89.3 -5.875 6.959   
120 Westport 5.00 2.60 8.40 92.5022 90.9 -1.602 6.959   
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121 Wethersfield 11.60 10.30 26.20 78.8616 83.9 5.038 6.959   
122 Willington 12.10 7.50 25.50 80.809 88.6 7.791 6.959 NO 
123 Wilton 2.90 3.40 8.10 93.2218 90.2 -3.022 6.959   
124 Winchester 15.30 12.00 35.40 73.3403 74.7 1.360 6.959   
125 Windham  36.30 22.00 36.60 53.1177 38.9 -14.218 6.959 NO 
126 Windsor 8.80 6.70 28.40 82.7226 66.2 -16.523 6.959 NO 
127 Windsor Locks  17.30 9.70 38.80 73.1079 71.3 -1.808 6.959   
128 Wolcott 7.30 7.40 37.00 81.1751 82.6 1.425 6.959   
129 Woodbridge 4.20 4.30 12.10 90.8849 95 4.115 6.959   
130 Woodstock 6.10 5.40 30.70 84.786 87.8 3.014 6.959    
 
 
 
